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Deuts
he KurzfassungMit dem Versu
h, in der Natur ablaufende Vorgänge zu verstehen und wissens
haftli
hzu bes
hreiben, war stets das Bestreben verbunden, auf Grundlage empiris
her Er-fahrungen und Experimente erstellte Bes
hreibungsversu
he der Natur zu harmon-isieren und auf ein einheitli
hes naturwissens
haftli
hes Modell zurü
k zu führen. DasStandardmodell der Elementarteil
henphysik stellt einen extrem erfolgrei
hen Meilen-stein auf dem Weg zu einem vereinheitli
hten Modell dar. In den 60er und 70er Jahrendes 20. Jahrhunderts in der Spra
he der Quantenfeldtheorie aufgestellt, war und ist esGegenstand einer Vielzahl aufwendiger Experimente. Bis zum heutigen Tag wurdendarin eine Vielzahl der Vorraussagen des Standardmodells präzise bestätigt. Daherwird das Standardmodell heute gemeinhin als das beste Modell angesehen, das dieEigens
haften der Grundbausteine der Materie und der zwis
hen diesen statt�nden-den We
hselwirkungen konsistent zu bes
hreiben vermag. Von den vier bekanntenfundamentalen We
hselwirkungen � die starke, die s
hwa
he, die elektromagnetis
heund die gravitative We
hselwirkung � konnte die Gravitation jedo
h bislang ni
ht einallgemeingültiges Modell integriert werden.Gemäÿ des Standardmodells sind die fundamentalen Bausteine der Materie Fermio-nen. Diese Elementarteil
hen werden hinsi
htli
h ihrer Mögli
hkeiten, zu interagieren,in zwei Klassen eingeteilt � Quarks und Leptonen � die wiederum entspre
hend einerbestimmten Ladung, genannt �avor, in jeweils se
hs vers
hiedene Arten kategorisiertwerden. Im Quark�Sektor sind dies die �avors up, down, 
harm, strange, top undbottom. Leptonen setzen si
h aus den drei elektris
h geladenen Elementarteil
henElektron, Myon und Tau sowie den drei neutralen Leptonen Elektron�, Myon� undTauneutrino zusammen. Die We
hselwirkungen, an denen Quarks und Leptonen teil-nehmen, werden dur
h Austaus
hteil
hen, den sog. Bosonen vermittelt.Quarks kommen niemals in isolierter, sondern stets in gebundener Form vor. Diesegebundenen Zustände werden als Hadronen bezei
hnet, wobei bis heute auss
hlieÿli
haus drei Quarks bestehende Zustände (Baryonen) und aus einem Quark und seinemAntiteil
hen, dem Antiquark, aufgebaute Zustände (Mesonen) beoba
htet wurden.Das Proton ist das einzige Hadron, von dem angenommen wird, dass es stabil ist. Alleanderen Hadronen zerfallen na
h einer gewissen Zeitdauer ohne äuÿeren Ein�uss inweitere Hadronen und Leptonen. Hierfür gibt es eine Vielzahl an Zerfallsmögli
hkeiten.Die Eigens
haften von Teil
hen und deren Zerfallsprodukte zu studieren ist ein essen-tielles Instrument, um Vorhersagen zu überprüfen und Parameter des Standardmodells



präzise zu bestimmen. Einige der Teil
hen und Teil
henzerfälle, au
h � oder gerade� sol
he bei hohen Energien, können dur
h Messungen an der natürli
hen kosmis-
hen Strahlung studiert werden. Um seltene Teil
hen bei hinrei
hend hoher Statis-tik untersu
hen zu können, müssen enorme experimentelle Anstrengungen unternom-men werden, da diese Teil
hen künstli
h erzeugt werden müssen. Dies ges
hieht insog. Teil
henbes
hleunigern, in denen Elektronen, Wassersto�kerne oder Ionen aufhohe Energien bes
hleunigt und mit einem ruhenden Target oder ebenfalls bes
hleu-nigten Teil
hen zur Kollision gebra
ht werden. Aus der Bewegungsenergie werden neueTeil
hen erzeugt, deren Zerfallsprodukte mit Hilfe komplexer Detektoren na
hgewiesenund identi�ziert werden.Das Tevatron am Fermi National A

elerator Laboratory (Fermilab), etwa 70 kmwestli
h von Chi
ago im US�Bundesstaat Illinois gelegen, ist eine derartige experi-mentelle Anlage. In diesem Ringbes
hleuniger, der einen Radius von 1 km aufweist,werden Protonen (p) und Antiprotonen (p̄) entgegengesetzt dur
h eine Strahla
hsegeführt, vermittels supraleitender Magnetspulen auf eine Energie von jeweils 980GeV/
2bes
hleunigt und an zwei We
hselwirkungspunkten bei einer S
hwerpunktsenergie von
1.96 TeV/
2 zur Kollision gebra
ht. Bis zum Start des Large Hadron Collider (LHC)am CERN (Conseil Européen pour la Re
her
he Nu
léaire) in wenigen Wo
hen istdies die hö
hste an einem erdgebundenen Teil
henbes
hleuniger realisierte We
hsel-wirkungsenergie. An einem der Kollisionspunkte be�ndet si
h der Collider Dete
-tor at Fermilab (CDF). Bei diesem etwa 12 m hohen, in guter Näherung zylinder-förmigen Universaldetektor sind die Detektorkomponenten für die Impulsmessung,Spurerkennung, Kalorimetrie sowie Myonerkennung von innen na
h auÿen s
halen-förmig um den nominellen We
hselwirkungspunkt angeordnet. Um den Daten�usszu reduzieren, ist online ein dreistu�ges Triggersystem implementiert, das anhandvorde�nierter Kriterien ents
heidet, wel
hes Ereignis gespei
hert wird. Spurrekon-struktion und Teil
henidenti�kation werden dur
h Anwendung vers
hiedener, in O�ine�Software enthaltener Algorithmen realisiert. Die vorliegende Analyse greift auf Datenzurü
k, die im Zeitraum Februar 2002 bis Januar 2007 am CDF�Detektor in derzweiten Ausbaustufe (CDF�II) genommen wurden. Neben experimentellen Daten sindfür viele Analyses
hritte simulierte Daten von groÿer Wi
htigkeit. Diese werden mitsog. Monte�Carlo�Methoden erzeugt. Bes
hleunigungsvorgang, Detektorkomponen-ten, Datennahme und Ereignisrekonstruktion werden in den Kapiteln 2 und 4 dervorliegenden Arbeit diskutiert.

B�Mesonen, also Quark�Antiquark�Zustände, die aus einem bottom Quark b undeinem lei
hteren Quark aufgebaut sind, haben im Zusammenhang mit der Überprüfungvon Standardmodellvorhersagen in jüngerer Zeit groÿe Bedeutung erlangt. Gegenstandder vorliegenden Arbeit ist das Bs Meson, das neben dem Anti�bottom Quark b̄ dasstrange Quark s enthält. Wie von theoretis
her Seite gezeigt wurde [1℄, könnte diesesMeson die Mögli
hkeit bieten, physikalis
he E�ekte über das Standardmodell hinauszu beoba
hten.Diese Vermutung ist dur
h die inhärenten physikalis
hen Eigens
haften des Bs�Mesons motiviert. Wie bei allen neutralen Mesonen �ndet au
h beim Bs�Meson eine



permanente Oszillation zwis
hen den Flavor�Eigenzuständen Bs und B̄s statt. Diese
Bs�B̄s�Mis
hung ist darauf zurü
kzuführen, dass die quantenme
hanis
hen Flavor�Eigenzustände Bs und B̄s ni
ht mit den Massen�Eigenzuständen BL

s und BH
s zusam-menfallen. Vielmehr werden diese Massenzustände dur
h Überlagerung der Flavor�Eigenzustände gebildet. Die Massendi�erenz der Masseigenzustände bestimmt dabeidie Frequenz der Oszillation, die 2006 erstmals dur
h die CDF�II�Kollaboration ver-messen werden konnte [2℄. Im Rahmen des Standardmodells wird angenommen, dassdie Bs�B̄s�Mis
hung eine groÿe Zerfallsbreitendi�erenz ∆Γ verursa
ht. Ferner sinddie Zustände Bs und B̄s ni
ht invariant gegenüber der aufeinanderfolgenden Wirkungdes Ladungs�Operators C (
harge) und des Paritäts�Operators P (parity). Wohlaber sind Bgerade

s und Bungerade
s , bestimmte Überlagerungen der Flavor�Eigenzustände

Bs und B̄s, Eigenzustände von CP. Der Zusammenhang zwis
hen den relativen CP�und Massenzerfallsbreiten ist dabei gegeben dur
h ∆Γ/Γ = ∆ΓCP/Γ · cosφ, wobei
φ als die Phase zwis
hen Bs�Mis
hung und �Zerfall identi�ziert wird. Gemäÿ desStandardmodells ist die Phase φ vers
hwindend klein, was mit einer vers
hwinden-den CP�Verletzung in der Interferenz von Mis
hung und Zerfall im Bs�B̄s�Systemkorrespondiert. Diese Art der CP�Verletzung bes
hreibt das Phänomen, dass si
hdie Betragsamplitude der Interferenz eines gemis
hten Bs�Mesonzerfalls mit einemungemis
hten Bs�Mesonzerfall in einen CP�Eigenzustand si
h von der eines B̄s un-ters
heidet. Im Standardmodell, mit φ = 0, fallen die relativen Zerfallsbreiten ∆Γ/Γund ∆ΓCP/Γ zusammen. Der Na
hweis einer ni
ht�vers
hwindenden Phase φ wäreein unmissverständli
hes Zei
hen für neue Physik jenseits des Standardmodells.Es gibt unters
hiedli
he Ansätze, si
h der aufgezeigten Problemstellung zu nähernund mögli
he physikalis
he Szenarien imBs�System einzus
hränken. Eine Mögli
hkeit,die aufgezeigt wurde [1℄, ist die direkte S
hätzung einer unteren S
hranke für ∆ΓCP/Γvermittels einer Messung des Verzweigungsverhältnisses des Zerfalls Bs → D+

s D
−
s .Diese direkte Abs
hätzung wird dadur
h ermögli
ht, dass der Endzustand D+

s D
−
s einreiner CP�gerader Eigenzustand ist. Es wird zudem angenommen, dass dieser Zerfallin hohem Maÿe zur Zerfallsbreitendi�erenz im Bs�System beiträgt. Kapitel 3 gibt einekurze theoretis
he Einführung in den aufgezeigten Problemkreis.Der Zerfall Bs → D+

s D
−
s auf Grundlage einer exklusiven Rekonstruktion wurdeerstmals von der CDF�II-Kollaboration im Jahr 2006 beoba
htet [3℄. Dabei wurde einVerzweigungsverhältnis von Br[Bs → D+

s D
−
s ] = (9.4+4.4

−4.2)×10−3 gemessen. Die Bere
h-nung erfolgte über die Messung des relativen Verzweigungsverhältnisses fBs
= fs/fd ·

Br[Bs → D+
s D

−
s ]/Br[B0 → D+

s D
−], mit dem s� zu d Quark�Produktionsverhältnis

fs/fd. Für das Verzweigungsverhältnis Br[B0 → D+
s D

−] wurde der aktuelle PDG�Wert (Parti
le Data Group, [4℄) eingesetzt.Die Messung des relativen Verzweigungsverhältnisses fBs
und daraus die Bere
h-nung des Verzweigungsverhältnis Bs → D+

s D
−
s war au
h Ziel der vorliegenden Anal-yse. Wie im Falle der bereits existierenden Messung werden die Mesonzerfälle Bs →

D+
s D

−
s und B0 → D+

s D
− aus den hadronis
hen Zerfällen D+

s → φπ+, Ds → K0∗K+und Ds → π+π−π− bzw. D → K+π−π− rekonstruiert, wobei φ → K+K− und
K0∗ → K+π−. Allerdings werden nun bei der Rekonstruktion von D+

s D
−
s au
h



Kombinationen ohne φπ+ im Endzustand herangezogen. Für die Selektion von Sig-nalereignissen in den se
hs Bs� bzw. drei untersu
hten B0�Kanälen werden na
hder Anwendung wei
her Vors
hnitte künstli
he neuronale Netze eingesetzt. Die An-zahl der Signalereignisse wird mit Hilfe eines Fits des kanalspezi�s
hen invariantenMassenspektrums auf Grundlage der erweiterten ungebinnten Maximum�Likelihood�Methode bestimmt. Alle ungebinnten Maximum�Likelihood�Fits werden innerhalbdes Fitter Framework, einer �exiblen Software�Umgebung für unters
hiedli
he Typenvon Datenanpassungsprozessen, dur
hgeführt. Die hierfür vorgenommenen S
hritte,insbesondere das Training der neuronalen Netze und die Aufstellung der Fit�Modelle,sowie die gemessenen Ereigniszahlen präsentiert Kapitel 4. Die Analyse der drei Bs�Zerfallskanäle, die ni
ht über Ds → φπ rekonstruiert werden, erwies si
h aufgrund derBeimis
hung unters
hiedli
her Re�ektionen als sehr s
hwierig. Daher wurden diese beiden folgenden Analyses
hritten ni
ht weiter berü
ksi
htigt. Unter Re�ektionen ver-steht man Beiträge fremder, aber hinsi
htli
h der Zerfallstopologie ähnli
her Moden,die infolge einer fals
hen Massenhypothese bei der Zerfallsrekonstruktion das gegebeneMassenspektrum verunreinigen.Das Fitter�Framework erlaubt es, mehrere Massenspektren mit der Maximum�Likelihood�Methode simultan zu �tten und hierbei bestimmte Fitparameter dur
hidentis
he Namensgebung zu teilen. Diese Mögli
hkeit wird bei der Parameters
hätzungvon fBs
für unters
hiedli
he Kombinationen von jeweils einem Bs → D+

s D
−
s � undeinem B0 → D+

s D
−�Kanal ausgenutzt (siehe Kaptitel 5). Dur
h Mittelung der ausden Simultan�Fits resultierenden Sti
hproben f i

Bs
und dur
h Einsetzen der Werte für

fs/fd und Br[B0 → D+
s D

−] ergibt si
h:
Br[Bs → D+

s D
−
s ] = {10.5± 1.2(Stat)± 0.8(Br)± 1.2(BrCorr)

± 1.6(fs/fd)± 2.1(BrB0)} × 10−3

= (10.5± 3.2)× 10−3Innerhalb der Unsi
herheiten stimmt dieses Ergebnis mit dem bereits existierendenMesswert Br[Bs → D+
s D

−
s ] = (9.4+4.4

−4.2) × 10−3 [3℄ gut überein. Jedo
h enthaltendie angegebenen Messfehler der vorliegenden Arbeit nur statistis
he Unsi
herheiten(inklusive der Unsi
herheiten dur
h die kombinierten Rekonstruktions� und Selektion-se�zienzen) sowie Unsi
herheiten bereits gemessener Verzweigungsverhältnisse. Einegründli
he Untersu
hung systematis
her E�ekte sowie der bereits erwähnten Re�ektio-nen in einigen Zerfallsmoden wird zentraler Bestandteil einer zukünftigen Analyse seinmüssen. Ferner könnte die Präzision des Verzweigungsverhältnisses Br[Bs → D+
s D

−
s ]von einem alternativen Normierungskanal in fBs

= fs/fd ·Br[Bs → D+
s D

−
s ]/Br[B0 →

D+
s D

−] pro�tieren. Vorstellbar wären hier beispielsweise die Zerfälle Bs → Dsπ oder
Bs → πππ.Im Zuge der Analyse wurden ferner die relativen Verzweigungsverhältnisse Br[Bs →
D

(∗)+
s D

(∗)−
s ]/Br[Bs → D+

s D
−
s ] und Br[B0 → D

(∗)+
s D(∗)−]/Br[B0 → D+

s D
−] gemessen.Die Zerfälle Bs → D

(∗)+
s D

(∗)−
s bzw. B0 → D

(∗)+
s D(∗)− ers
heinen in den Massenspek-tren als sog. Satelliten�Peaks etwa ein bis zwei Pion�Massen unterhalb der invari-



anten Bs� bzw. B0�Masse und werden als partiell rekonstruierte Zerfälle bezei
hnet,da das Photon bzw. das neutrale Pion aus dem D∗
(s)�Zerfall im Detektor ni
ht erkanntwird. Die Messergebnisse für Br[Bs → D

(∗)+
s D

(∗)−
s ]/Br[Bs → D+

s D
−
s ] de
ken si
hinnerhalb der Fehler gut mit den im PDG angegebenen Werten, die Messung der rela-tiven Verzweigungsverhältnisse Br[Bs → D

(∗)+
s D

(∗)−
s ]/Br[Bs → D+

s D
−
s ] stellt die erstedieser Art im Bs�Mesonsektor dar. Es wurden folgende Werte ermittelt:

Br (Bs → D+∗
s D−

s )

Br (Bs → D+
s D

−
s )

=2.87± 0.52

Br (Bs → D+∗
s D−∗

s )

Br (Bs → D+
s D

−
s )

=3.44± 0.71

Br (B0 → D+
s D

−∗)

Br (B0 → D+
s D

−)
=0.91± 0.14

Br (B0 → D+∗
s D−)

Br (B0 → D+
s D

−)
=1.12± 0.07

Br (B0 → D+∗
s D−∗)

Br (B0 → D+
s D

−)
=2.94± 0.20Um einen Verglei
h zwis
hen den drei B0� und den für das Bs�System aufgeführtenVerzweigungsverhältnissen zu gestatten, können die relativen Verzweigungsverhält-nisse der Zerfallsmoden B0 → D+

s D
−∗ und B0 → D+∗

s D− in grober Vereinfa
hung zueinem Verzweigungsverhältnis zusammengefasst werden. In dieser Näherung fallen dierelativen Verzweigungsverhältnisse Bs → D+∗
s D

(−∗)
s � und B0 → D

(+∗)
s D(−∗)�Zerfällensehr ähnli
h aus. Zukünftige Messungen mit höherer Statistik werden si
her zu einerVerbesserung der Präzision der Messung von Verzweigungsverältnissen im Bs�Sektorbeitragen.Abs
hlieÿend wird als Gegenprobe zu Methode und Messwerten ein alternativesFit�Verfahren vorges
hlagen, das die gegebenen Informationen auf eine lei
ht abwe-i
hende Art und Weise nutzt. Eine einfa
he Modi�kation der Fitfunktionen für dieMassenspektren der Zerfälle Bs → D+

s D
−
s und B0 → D+

s D
− erlaubt es, alle für dieMessung von Verzweigungsverhältnisen berü
ksi
htigten Bs� und B0�Zerfallskanällein einem einzigen simultanen Massen�t zu vereinigen und damit die in dieser Arbeitbestimmten Gröÿen auf Grundlage einer Messung zu überprüfen. Hierbei werden diezuvor gewonnenen Messergebnisse teils reproduzert oder zumindest gut bestätigt. Diealternative Methode soll jedo
h in erster Linie die Dur
hführbarkeit eines derarti-gen Simultan�Fits belegen und als Vors
hlag eines alternativen Ansatzes verstandenwerden. Systematis
he E�ekte und insbesondere Korrelationen zwis
hen Eingangspa-rametern werden weiterer Verfeinerungen der Methode bedürfen.
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Chapter 1Introdu
tionThe variety of phenomena o

urring in the world surrounding us always has been stir-ing up 
uriosity of men. What is matter 
omposed of, whi
h are the elementary for
esappearing in the universe, ever have been the fundamental questions human beingssought answers for. Based on empiri
al observations of nature and on experimentsbe
oming more and more 
omplex in the 
ourse of time, a variety of models 
on
ern-ing the stru
ture of matter have been 
on
eived. The idea of matter 
onsisting ofelementary 
onstituents that 
annot be further subdivided, whi
h were 
alled Atoms(gr. τεµνειν � to 
ut, ατoµoς � not 
uttable), already emerged in the an
ient Gree
e.Today we know that Atoms are far from being the smallest 
onstituents of matter.The atomi
 nu
leus, whi
h is orbited by ele
trons, is built up of nu
leons � protonsand neutrons � whi
h in turn are 
omposed of even smaller parti
les, the quarks.A

ording to our 
urrent understanding, quarks and leptons, whi
h are referred to asfermions, are the elementary parti
les matter 
onsists of. Quarks bear ele
tri
 
hargeand appear in six di�erent spe
ies, 
alled �avors, whi
h are referred to as up, down,
harm, strange, top and bottom. The other 
lass of elementary parti
les, the leptons,appear in three 
harged �avors � ele
tron, myon and tau � and three ele
tri
ally neutral�avors, 
alled ele
tron, myon and tau neutrino. The elementary parti
les intera
t withea
h other by ex
hanging parti
les, 
alled bosons. The properties of these elementaryparti
les and the intera
tions among them are des
ribed in the Standard Model ofelementary parti
le physi
s whi
h was developed in the sixties and seventies of the
20th 
entury. Sin
e then, the Standard Model has been subje
t to various experimentaltests and a wealth of the predi
tions proved to be 
orre
t. Therefore, the StandardModel is 
ommonly a

epted as a very su

essful theory that 
onsistently des
ribes theproperties of parti
les and three out of the four fundamental intera
tions � the strong,the weak and the ele
tromagneti
 intera
tion � known today. Up to now, the forthelementary intera
tion, gravitation, has not been integrated into one all�embra
ingtheory yet.Quarks o

ur in bound states only, 
alled hadrons, whi
h in turn are 
ategorizedinto baryons 
onsisting of three quarks, and mesons whi
h are 
omposed of one quarkand its quark anti�partner, 
alled anti�quark. Apart from the proton, hadrons are
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tionnot stable but de
ay into di�erent hadrons or leptons. For these de
ay modes thereexists a multitude of possibilities. Measuring the properties and de
ay produ
ts ofparti
les provides the opportunity to test the predi
tions and determine parameters ofthe Standard Model, or to seek for new physi
al 
ontributions beyond this theoreti
alframework. For this task, enormous experimental e�orts are required be
ause most ofthe parti
les or de
ay events o

ur only rarely and have to be generated in arti�
ialearth�bound parti
le a

elerators operating at high energies. The Tevatron at theFermi National A

elerator Laboratory (Fermilab) in Illinois, USA, is su
h an arti�
ialparti
le a

elerator. Inside this ring a

elerator protons and antiprotons 
ir
ulate inopposite dire
tions and 
ollide at two intera
tion points at a 
enter of mass energy of
1.96 TeV/
2, resulting in the produ
tion of new parti
les whose de
ay produ
ts aremeasured by two distin
t parti
le dete
tor devi
es, namely the DØ dete
tor and theCollider Dete
tor at Fermilab (CDF). This analysis uses data taken during operationperiod Run�II of the CDF experiment. Chapter 2 will outline the basi
 fun
tions ofthe Tevatron ring a

elerator and the individual dete
tor 
omponents of the CDF�IIdete
tor.The parti
le being subje
t to this thesis is the neutral Bs meson, whi
h 
onsists ofthe quark anti�partner of the bottom quark b, 
alled b̄ and one strange quark s. Asall neutral mesons the Bs has the property to os
illate into its antiparti
le B̄s and vi
eversa, a phenomenon whi
h is referred to as Bs�B̄s meson mixing. The frequen
y ofthis mixing pro
ess, whi
h has been measured by the CDF�II 
ollaboration in 2006[2℄, is determined by the mass di�eren
e of the two mass eigenstates BL

s and BH
s whi
hare two distin
t superpositions of the �avor eigenstates Bs and B̄s. In the theoreti
alframework of the Standard Model, the CP eigenstates Beven

s and Bodd
s are introdu
edwhi
h are superpositions of the �avor eigenstates and invariant under the 
onse
utive
harge (C) and parity (P) transformation, ex
ept for the sign of the eigenvalue inthe 
ase of Bodd

s . In the Standard Model, the relative de
ay width di�eren
e of themass eigenstates, ∆Γ/Γ, equals the relative CP width di�eren
e, ∆ΓCP/Γ, multipliedby the fa
tor cos φ. The angle φ is identi�ed as the phase between Bs mixing andde
ay. In the Standard Model the phase φ is expe
ted to be 
lose to zero, whi
h
orresponds to vanishing CP violation in the interferen
e between mixing and de
ay.In this spe
ial 
ase CP violation des
ribes the phenomenon that the absolute amplitudeof the interferen
e between a mixed and an unmixed Bs de
ay into a CP �nal state doesnot equal the 
orresponding one of the B̄s de
ay into a �nal state having the oppositeCP 
ontent. A vanishing phase φ has the 
onsequen
e that ∆Γ/Γ and ∆ΓCP/Γ onthe one hand, and the CP and mass eigenstates on the other hand 
oin
ide. However,the observation of a sizable CP violating phase φ in the Bs�BB̄s system would 
learlyindi
ate physi
s beyond the Standard Model.There are di�erent approa
hes [1℄ that allow to make inferen
es to one of thequantities of the relation ∆Γ/Γ = ∆ΓCP/Γ · cosφ. One important input is given bythe measurement of ∆ΓCP/Γ. It has been shown [1℄ that the measurement of thebran
hing fra
tion of the de
ay Bs → D+
s D

−
s provides for a dire
t estimation of thelower bound of ∆ΓCP/Γ. Dire
tly inferring a lower bound for ∆ΓCP/Γ is possible



21be
ause D+
s D

−
s is a purely CP even state. Furthermore, the de
ay Bs → D+

s D
−
sis expe
ted to pla
e the main 
ontribution to the de
ay width di�eren
e in the Bs�

B̄s system whi
h is predi
ted to be sizable in the Standard Model. The underlyingtheoreti
al framework needed for a basi
 understanding will be dis
ussed in Chapter
3. In this analysis Br[Bs → D+

s D
−
s ] is determined by measuring the relative bran
hingfra
tion Br[Bs → D+

s D
−
s ]/Br[B0 → D+

s D
−]. B0 denotes the neutral Bd meson whi
h
onsists of one b̄ and a d quark. The de
ay Bs → D+

s D
−
s is re
onstru
ted in six hadroni
de
ay 
hannels, resulting from the di�erent 
ombinations of the de
ays Ds → φπ,

Ds → K0∗K and Ds → πππ. B0 → D+
s D

− is analyzed in three de
ay modes wherethe Ds meson de
ays the same way and the D meson is re
onstru
ted from the �nalstate Kππ.The �rst observation of the ex
lusive de
ay Bs → D+
s D

−
s was reported by theCDF 
ollaboration in the end of 2006 [3℄. This measurement applied 
ut based signalsele
tion te
hniques. For the sele
tion of Bs and B0 mesons this thesis makes extensiveuse of arti�
ial neural networks. Parti
le re
onstru
tion and sele
tion te
hniques aswell as the number of signal events obtained in the studied de
ay 
hannels will bepresented in Chapter 4. Chapter 5 will fo
us on the method applied to measure

Br[Bs → D+
s D

−
s ] by means of a 
ombined de
ay 
hannel �t in mass spa
e. As abyprodu
t of the �t on the invariant mass spe
tra further relative bran
hing fra
tionsin Bs → D

(∗)+
s D

(∗)−
s and B0 → D

(∗)+
s D(∗)− de
ays are measured. The last Chapterwill brie�y summarize the results of this analysis and provide an outlook on possiblemeasures that 
ould improve the pre
ision of the Br[Bs → D+

s D
−
s ] measurement inthe future.





Chapter 2Experimental Setup
2.1 The CDF�II Experiment at FermilabStudies in the �eld of high energy physi
s in general and in terms of heavy mesonphysi
s in parti
ular require eminent experimental endeavors sin
e requested eventsusually o

ur only rarely. Data with reasonable statisti
s are provided by meansof arti�
ial earth�bound parti
le a

elerators and dete
tor devi
es. The presentedanalysis of the Bs → DsDs meson de
ay uses data provided by the CDF�II experimentat the Fermi National A

elerator Laboratory (Fermilab), lo
ated in Batavia 70 kmwest of Chi
ago (Illinois, USA). The Fermilab is host to the Tevatron, a pp̄�
olliderwhi
h a

elerates proton and antiprotons to a 
enter of mass energy of √s = 1.96TeV/
2, 
urrently representing the highest a

essible 
ollision energy a
hieved by anearth�bound parti
le a

elerator. At the Tevatron p and p̄ bun
hes intera
t at two
ollision points where the two parti
le dete
tors DØ and the Collider Dete
tor atFermilab (CDF) are situated. Figure 2.1(a) shows an aerial photo of the Fermilabfa
ilities.The Tevatron 
ommen
ed operations in 1985 with a 
enter of mass energy of 1.8TeV/
2. Run I was terminated after an operation time of 11 years. After the shutdownin 1996 major upgrades where applied to the a

elerator 
omplex and the two dete
torsDØ and CDF. The se
ond period of operation, 
alled Run II, was started in the endof 2001.While primarily designed for being 
apable of performing studies in the high pTse
tor, the resear
h fa
ilities DØ and CDF at Fermilab provided and still provideimportant insights into the �eld of heavy �avor physi
s. The dis
overy of the topquark (1995) [5, 6℄, 
omplementing the pi
ture in the quark se
tor and thus fortifyingthe pillars of the Standard Model, represents one of the famous a
hievements. Re
entimportant a
hievements 
omprise the measurement of Bs os
illations in 2006 [2℄ andthe observation of single top quark produ
tion in 2007 [7, 8℄.
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(a) Aerial photo of the Fermilab a

elerator 
om-plex (b) S
heme of the a

elerator 
omplexFigure 2.1: The a

elerator 
omplex at Fermilab.2.2 The A

elerator ComplexThis se
tion outlines the te
hni
al devi
es and pro
edures used to produ
e protons andantiprotons, a

elerate them to the �nal beam energy of 980 GeV/
2 and realize the
ollision of the pp̄ bun
hes at the desired intera
tion points. All these pro
edures areimplemented within the Fermilab a

elerator 
omplex by means of sophisti
ated te
h-niques. In �gure 2.1(b) a s
hemati
 sket
h of the parti
le produ
tion and a

elerator
hain at Fermilab is shown.2.2.1 Proton Produ
tion and Pre�A

elerationThe starting point of the a

eleration pro
ess is the Co
k
roft�Walton Pre�A

elerator.Inside this devi
e hydrogen gas is ionized by surfa
e ionization e�e
ts. The negatively
harged H− ions are a

elerated to a kineti
 energy of 750 keV/
2 by means of apositive high voltage �eld and inje
ted into the LINAC, a linear a

elerator 
onsistingof 
avities with os
illating radio frequen
y (RF) �elds. Having traversed a distan
eof 150 m inside the LINAC the ions rea
h their �nal energy of 400 MeV/
2 and arearranged into bun
hes. Before entering the Booster the hydrogen bun
hes pass a
arbon foil whi
h strips o� the ele
trons from the H− ions, leaving bun
hes only
onsisting of bare protons.The Booster, a 
ir
ular syn
hrotron with a diameter of approximately 150 m, rep-resents the next stage of the a

elerator 
hain. With ea
h revolution the protons gainan in
rement of 750 keV/
2 in kineti
 energy as a result of a series of ki
ks from RF
avities. Additionally the intensity of the proton beam is gradually in
reased by re-peatedly inje
ting further protons. After up to 20,000 revolutions the protons attainan energy of 8 GeV/
2 and are transferred to the Main Inje
tor.



2.2. The A

elerator Complex 252.2.2 The Main Inje
torThis 3 km 
ir
umferen
e syn
hrotron 
overs two essential fun
tions: the a

eleration ofprotons 
oming from the Booster on the one hand, and the produ
tion and a

elerationof antiprotons on the other hand. Therefore the proton beam is split up into twobeams. The �rst one, 
onsisting of protons with a kineti
 energy of 150 GeV/
2,is dire
tly routed into the Tevatron. The se
ond one, 
omprising protons with anenergy of 120 GeV/
2, are extra
ted from the Main Inje
tor and routed towards theAntiproton Sour
e. Here the protons 
ollide with a ni
kel target, generating a showerof se
ondary parti
les mainly 
onsisting of protons and pions whi
h are fo
used into abeam by a lithium lens. The parti
les of interest, the antiprotons, are only produ
ed toa very small extent though, leading to high produ
tion times for the desired quantityof antiproton bun
hes 
ontaining a su�
ient number (≈ 5 × 1010) of parti
les. Dueto this limiting fa
tor to a high luminosity operation, the a

elerator 
omplex featuresseveral te
hniques and devi
es to maximize antiproton yields.The separation of the antiprotons from other parti
le spe
ies is a

omplished bya pulsed magnet working with a magneti
 �eld strength of 760 T, sele
ting 8 GeV/
2antiprotons. Be
ause of the arrangement in parti
le bun
hes the extra
ted antiprotonsexhibit a large spread in energy. Debun
hing of the antiproton beam, 
orresponding toan expansion in spa
e, and thus redu
ing the spread in momentum spa
e is performedinside the Debun
her. Following the debun
hing pro
ess the antiprotons are piled upand stored inside the A

umulator Syn
hrotron. In order to minimize the antiprotonloss rate, sto
hasti
 and ele
tron 
ooling te
hniques are employed to 
ool down theantiproton beam, thereby 
on�ning the beam to a smaller volume in phase spa
e.On
e enough antiprotons are a

umulated, they are dire
ted ba
k 
ontrariwise tothe rotational dire
tion of the proton beam into the Main Inje
tor and a

elerated toan energy of 150 GeV/
2.The latest te
hni
al upgrade to the Main Inje
tor ring was the Antiproton Re
y
lerin 2004. Originally destined as a means of 
olle
ting antiprotons after a 
olliding storeand re
y
ling them for the next 
y
le it now fun
tions as an additional storage ofantiprotons 
oming from the A

umulator, thus allowing for an optimal A

umulatoroperation e�
ien
y.2.2.3 The TevatronHaving rea
hed their �nal pre-a

eleration energy of 150 GeV/
2 in the Main Inje
tor,both the p and p̄ beams are fed into the Tevatron, representing the starting point for thelast phase of the a

eleration pro
ess. As soon as 36 proton and 36 antiproton bun
hesare 
ir
ulating inside the Tevatron, the parti
les are a

elerated to an energy of 980GeV/
2, 
orresponding to a 
enter of mass energy of√s = 1.96 TeV/
2 at a pp̄ 
ollision.The proton bun
h typi
ally 
onsists of 3×1011, the antiproton bun
h 
ontains 9×1010parti
les. Sin
e the bun
h 
on�guration results in 72 bun
h 
rossing regions insidethe 6 km 
ir
umferen
e Tevatron, the fa
ility features me
hanisms to minimize the
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h 
rossing rate at 70 of these unwanted intera
tion points where no experimentaldevi
es are situated. This is a
hieved by dire
ting the opposite running beams ondi�erent helix pathways. Maximizing the number of 
ollisions at the lo
ations of thedete
tor DØ and CDF is obtained by magneti
 quadrupole fo
using te
hniques. Sin
eea
h 
ollision redu
es the number of parti
les, after a 
ertain time period of operation,
alled store, the beams are reinfor
ed by inje
ting additional protons and antiprotonsfrom the Main Inje
tor.2.2.4 A

elerator Performan
eTo assess the overall performan
e of an a

elerator a parameter quantifying the per-forman
e, given by the so 
alled luminosity L, is introdu
ed. Sin
e L dire
tly infersthe protons and antiprotons intera
tion rate, the layout and the 
on�guration of ana

elerator are always geared towards maximizing this quantity while providing for thedesired 
enter of mass energy � in 
ase of high 
enter of mass energies a non�trivialtask. The relation between L and a

elerator parameters reads as follows:
L = f · NbNpNp̄

2π
(

σ2
p + σ2

p̄

) · F
(

σl

β∗

) (2.1)Here f denotes the revolution frequen
y, Nb the number of bun
hes, Np and Np̄ thenumber of protons and antiprotons per bun
h, σp and σp̄ the average transverse elon-gation of the proton and antiproton bun
hes respe
tively. F is a form fa
tor des
ribinggeometri
 properties of a bun
h. The instantaneous luminosity L is also linked to theintera
tion rate
Ṅ = σintL, (2.2)where the 
ross se
tion σint dire
tly 
orresponds to the probability for the intera
tionof two parti
les. The overall performan
e in a 
ertain a

elerator runtime is obtainedby integrating the luminosity over the time of the given data taking period. Thus,integrating the above equation yields an estimation for the number of events for thepro
ess of interest:

N = σint ·
∫

Ldt (2.3)Figures 2.2 and 2.3 [9℄ show the development of the integrated luminosity and initialluminosities obtained sin
e the start of Tevatron Run II. A

ording to the shownstatisti
s, an integrated luminosity of approximately 4 fb−1 has been delivered to theCDF�II dete
tor so far. Until time of writing, 3.16× 1032s−1 
m−1 depi
ts the re
ordin the initial peak luminosity at CDF�II.
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Figure 2.2: Time dependent development of the integrated luminosity per store sin
ethe beginning of Tevatron Run II.

Figure 2.3: Development of the Tevatron Run II initial luminosities.
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(a) Photograph of the opened CDF�II dete
tor (b) S
hemati
 viewFigure 2.4: The CDF�II dete
tor. The individual dete
tor 
omponents are outlinedthroughout the following se
tions.2.3 The CDF Dete
tor2.3.1 OverviewThe Collider Dete
tor at Fermilab [10℄, situated at intera
tion position B0 of theTevatron, is a multipurpose 
ollider dete
tor designed for a broad range of high energyphysi
s regimes. The photograph in �gure 2.4(a) and the s
hemati
 depi
tion of theCDF dete
tor in �gure 2.4(b) indi
ate the overall 
ylindri
al symmetry typi
al to
ollider dete
tors in general. Due to the equivalent proton and antiproton energiesCDF in addition exhibits a forward�ba
kward symmetry.A super
ondu
ting solenoid generating a 1.4 Tesla magneti
 �eld orientated parallelto the beamline en
loses the innermost dete
tor layers, 
ontaining the tra
king systemand the time-of-�ight dete
tor (TOF) [11℄. Outside the solenoid, ele
tromagneti
 andhadroni
 
alorimeters are situated. The outermost part of the dete
tor houses themuon tra
king 
hambers. Overall, the dete
tor s
ales 12 m in length and 12 m inheight.Exploiting the azimuthal and forward�ba
kward symmetry, parti
le tra
king withCDF�II is performed using an admixture of a polar and a 
ylindri
al 
oordinate systemthat is de�ned in the following way:
• The point of the nominal pp̄ intera
tion marks the point of origin of the 
oordi-nate system
• The positive dire
tion in z is determined by the proton beam dire
tion
• r measures the distan
e from the beamline
• The azimuthal angle φ is measured upwards within the x�y�plane where the
x axis lies in the a

elerator plane, radially dire
ting outwards o� the 
enter
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LAYER 00 Figure 2.5: r�z view of the tra
king system.of the ring; the Cartesian 
oordinate y is pointing upright with respe
t to thea

elerator plane
• θ represents the polar angle lying in the y�z�plane. In the �eld of experimentalparti
le physi
s the pseudorapidity η, whi
h is an approximation of the Lorentzinvariant rapidity Θ = tanh−1 (v/c), is 
ommonly used: η = − ln

(

tan θ
2

)The following se
tions brie�y dis
uss the basi
 features and 
omponents of the CDF�IIdete
tor system. Figure 2.4(b) illustrates the positions of the several subsystems inCDF�II.2.3.2 Tra
king SystemRe
onstru
ting parti
le tra
ks is performed by exploiting a parti
le's intera
tion withthe dete
tor material situated inside the super
ondu
ting solenoid: When passingthrough matter a 
harged parti
le 
auses ionization of the material leaving an energydeposit 
lose to the traje
tory of the parti
le. Therefore, measuring the depositedenergy by means of a suitable dete
tor enables the re
onstru
tion of the parti
le tra
k.In addition, bending of the parti
le tra
k in the magneti
 �eld allows to derive themomentum of the parti
le.Due to the radius dependent tra
k densities the CDF�II tra
king system 
onsistsof two dete
tor 
omponents: a sili
on dete
tor [12℄ for high resolution tra
king in theimmediate vi
inity of the intera
tion point, and a drift 
hamber, the Central OuterTra
ker (COT) [13℄, surrounding the sili
on tra
ker. The sili
on dete
tor 
omprisesseveral sub-systems, namely the Layer 00 (L00), the Sili
on Vertex Dete
tor (SVX II)and the Intermediate Sili
on Layer (ISL). The dete
tor se
tion 
ontaining the devi
esfor parti
le tra
king is s
hemati
ally depi
ted in �gure 2.5.
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on Dete
torThe 
ylindri
ally built devi
e, whi
h 
onsists of radiation hard mi
ro strip dete
tors,radially ranges from 1.35 
m to 28 
m, 
overing a pseudorapidity range |η| < 2. Start-ing from the innermost region the Sili
on Dete
tor 
omprises the following 
omponents:(for a s
hemati
 view in the r − φ plane see �gure 2.6):
• Layer 00 (L00):In the 
ourse of the Run II upgrade Layer 00 was dire
tly mounted to thebeam pipe, thus improving the pre
ision of tra
k measurements and impa
tparameter resolution. It 
onsists of two overlapping single-sided layers of sili
on,ea
h 
omprising six narrow and six wide modules at radii 1.35 
m and 1.62 
mrespe
tively. L00 has a total length of 94 
m in z dire
tion, resulting in an η
overage of |η| ≤ 4.
• Sili
on Vertex Dete
tor (SVX II):SVX II, a double-sided mi
ro strip dete
tor ranging from r = 2.1 
m to r = 17.3
m, basi
ally 
onsists of three barrel like devi
es, ea
h of them 29 
m in length.The overall geometry of SVX II allows for a tra
k re
onstru
tion with a maximumpseudorapidity of |η| = 2. Due to the spe
ial layout of the �ve layers inside ea
hdevi
e, a high resolution of the impa
t parameter and the azimuthal angle φ ofparti
le tra
ks is a
hieved: On one side of ea
h of the layers the sili
on mi
rostripsare axially aligned for measuring the r and φ 
oordinate. In addition, layers 0, 1and 3 feature orthogonally atta
hed stereo strips on the other side, supplementingthe r − φ measurement with a z-measurement, whereas the strips on the otherside of layers 2 and 4 are tilted by 1.2 degrees only (SAS, small angle stereo),thereby ensuring a redu
tion of 
ombinatorial ambiguities of multiple hit eventsin the Sili
on Dete
tor.
• Intermediate Sili
on Layer (ISL):The outermost 
omponent of the sili
on dete
tor system is the 28 
m long In-termediate Sili
on Layer, whi
h radially ranges from r = 20 
m to r = 28 
m.The main fun
tion of the ISL is to a
t as a link between SVX II and COT by
ombining tra
ks measured in both dete
tor 
omponents. It 
onsists of three sil-i
on mi
rostrip layers designed in the same way as layers 2 and 4 of the SVX II.One layer positioned in the 
entral region at r = 22 
m 
overs |η| < 1, whereastwo of the three layers are lo
ated at r = 20 
m and r = 28 
m 
overing theforward/ba
kward region (1 < |η| < 2).Drift ChamberSituated between r = 44 
m and r = 137 
m, the Central Outer Tra
ker (COT)represents the outermost part of the tra
king system, 
overing a pseudorapidity range
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64 cm 

SVX II

 ISL

Layer 00

Figure 2.6: The three sub�systems of the Sili
on Dete
tor viewed in the r − φ plane.
|η| < 2. The 
ylindri
al devi
e 
ontains 96 wire layers in total, arranged into eight su-perlayers. One half of the superlayers 
onsists of wires running in z-dire
tion destinedfor the r − φ�measurement (axial superlayers), the wires of the other four superlay-ers are slightly tilted by 2 degrees with respe
t to the beamline (stereo superlayers),providing for an additional z�measurement. The medium being ionized by a passingparti
le inside the drift 
hamber is a gas mixture 
omposed of Ar-Ethane-CF4 havinga mixing ratio of 50:35:15. The readout of the ele
tri
 signal in the sense wire 
ausedby the ionization indu
ed ele
tron is performed by an ASDQ (ampli�er, shaper, dis-
riminator and 
harge en
oding) 
hip. Potential mismat
hing of tra
ks originatingfrom di�erent beam 
rossings to a single 
ollision event is avoided by the short drifttime of about 100 ns. In addition to the spatial measurement, the COT is suitablefor measuring the parti
le spe
i�
 energy loss dE/dx, thus supplementing the parti-
le identi�
ation dis
ussed in the next se
tion. Dire
tion and position resolution aremu
h poorer than in the inner tra
king system, however, due to its high volume ex-pansion allowing long parti
le tra
ks, momentum resolution is superior to the sili
ondete
tor. Furthermore, the purity of the tra
k re
onstru
tion is better thanks to thesmaller density of tra
ks, whi
h 
omes as a natural 
onsequen
e of the higher radialdispla
ement with respe
t to the primary intera
tion point.Tra
k Re
onstru
tionBased on the response behavior of the dete
tor 
omponents so far dis
ussed, severalalgorithms provided by the CDF�II o�ine software are applied to re
onstru
t parti
letra
ks from the available information.The COT Standalone Tra
king pro
edure performs a three-dimensional helix �t[14℄ to COT hits ex
lusively. In a next step, these re
onstru
ted tra
ks are extrapo-
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ompared to valid hits inside the Inner Tra
ker (Outside�InTra
king) with the 
riterion for a valid tra
k being at least three axial sili
on hits.However, sin
e this pro
edure does not a

ount for parti
le tra
ks possessing too lowmomenta or o

urring at |η| ≥ 2 as a 
onsequen
e of the limited COT 
overage, fur-ther re
onstru
tion me
hanisms need to be applied. Therefore, the Sili
on StandaloneAlgorithm (SISA) [15℄ performs a helix �t using sili
on hits not 
oin
iding with the hitsobtained from inwardly extrapolated COT tra
ks. Instead of requiring two 3D sili
onhits as the SISA does, the Sili
on Forward Tra
king (FWD) algorithm re
onstru
tstra
ks from one 3D hit and one r-φ hit, where in addition a minimum transverse mo-mentum of 0.8 GeV/
2 is demanded. The Inside-Out Tra
king (IO) algorithm [16℄ justinverts the OI mode of operation: Hits inside the sili
on dete
tor are extrapolated tolarger radii and then the attempt is made to link them to COT hits.2.3.3 Parti
le Identi�
ationThe 
apability of identifying pions, kaons, protons, ele
trons or muons is essentialfor many kinds of physi
s analyses done at CDF�II. This parti
ularly holds true in
ase of the presented analysis, where B0 or Bs mesons are re
onstru
ted using di�erenthadroni
 de
ay 
hannels. By 
ombining several dete
tor measurements the CDF o�inesoftware is 
apable of providing a probability for a given parti
le identity asso
iatedto a measured tra
k. Devi
es and te
hniques used for parti
le identi�
ation are brie�ydis
ussed below.Central Dete
tor Devi
esInstalled at a radius of r = 140 
m with respe
t to the beam pipe, the Time of Flightdete
tor (TOF) represents the outermost devi
e en
losed by the super
ondu
ting mag-neti
 
oil. It 
onsists of 216 plasti
 s
intillator bars, ea
h 280 
m long. At the end ofea
h s
intillator a photomultiplier is atta
hed for signal readout.Parti
le identi�
ation is 
arried out by 
al
ulating the invariant mass
m =

p

c

√

(ct)2

L2
− 1, (2.4)where L is the path length of the parti
le measured between the primary vertex andthe position of a s
intillator hit inside the TOF. t = TTOF − T0 is the time di�eren
ebetween dete
tion time TTOF and produ
tion time T0. Several inputs are needed forutilizing this relation: First of all, the position of the primary vertex of an event needsto be known. For this, the TOF signal is mat
hed to the 
orresponding tra
k in theCOT and in a next step the position of the primary vertex is re
onstru
ted. p is takenfrom the momentum measurement performed in the COT.Another 
ontribution to the parti
le identi�
ation pro
ess 
omes from the propertyof a 
harged parti
le to lose energy when passing through matter, essentially 
aused
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tor 33by ionization pro
esses and atomi
 ex
itation. The spe
i�
 energy loss dE/dx for agiven βγ = p/m is des
ribed by the Bethe-Blo
h equation, thus allowing for parti
leidenti�
ation by measuring dE/dx in the COT. The amount of deposited energy isassessed by exploiting the relation
∆t ∝ logQ ∝

dE

dx
. (2.5)Here ∆t denotes the pulse width of a COT signal and Q is the total 
harge depositedin the COT.Muon Dete
tor SystemSin
e muons are mu
h heavier than ele
trons and do not intera
t strongly with theatomi
 nu
lei of the dete
tor material, they are 
apable of passing through a mu
hhigher volume of matter than other 
harged parti
les. A dete
tor signal in the muon
hambers [17℄, situated in the outermost region of the CDF dete
tor and thus bene�t-ting from the s
reening e�e
t of the 
alorimeters, provides a very strong indi
ation fora muon 
andidate. There are however some events being misre
onstru
ted as muons.Su
h an event is 
alled a muon fake event. The muon fake rates are rather small,whi
h is due to a low number of kaons and pions rea
hing the muon 
hambers. Thereis also a ba
kground 
omponent 
onsisting of real muons, either 
oming from outsidethe dete
tor or stemming from pion or kaon de
ays. A muon tra
k segment, 
alledstub, measured in one the muon 
hambers is mat
hed to a tra
k of the COT drift
hamber. The muon dete
tor system at CDF 
onsists of four dete
tors, made up ofs
intillators, drift tubes and steel absorbers. The individual 
omponents exhibit dif-ferent geometries leading to di�erent η 
overages, with the maximum pseudorapidity
overage being |η| = 1.5. Sin
e the parti
le re
onstru
tion and identi�
ation pro
e-dures used for 
andidate sele
tion in the given analysis do not utilize the fun
tionalityof the muon dete
tor system, an in�depth dis
ussion of these devi
es is not ne
essary.2.3.4 CalorimetersThe 
alorimetry system [18, 19, 20℄, lo
ated in a radial range between the solenoidand the muon dete
tor system, 
omplements the fun
tionality of the CDF dete
-tor systems by measuring the deposited energy of high energy photons, ele
tronsand hadroni
 jets. The ele
tromagneti
 (hadroni
) 
alorimeters 
onsist of alternat-ing layers of s
intillators and lead (iron) as absorbing material. The 
alorimetrysystem, grouped into �ve independent 
alorimeters, in total 
overs a pseudorapidityrange |η| ≤ 3.4. These individual dete
tor 
omponents are: Central Ele
tromagneti
Calorimeter (CEM, |η| ≤ 1.1), the Central Hadroni
 Calorimeter (CHA, |η| ≤ 0.9),the Endwall Hadroni
 Calorimeter (WHA, 0.8 ≤ |η| ≤ 1.2), the Plug Ele
tromag-neti
 Calorimeter (PEM, 1.1 ≤ |η| ≤ 3.6) and the Plug Hadroni
 Calorimeter (PHA,

1.2 ≤ |η| ≤ 3.6).
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onsequen
e of the high bun
h 
rossing rate of 2.5MHz at Tevatron Run II, storingevery single 
ollision event would inevitably generate an enormous amount of datawhi
h would need to be managed. With today's 
omputer and mass storage 
apabilitiesin pla
e these data are not un
ontrollable, however, sin
e most of the 
ollision eventsare just 
ombinatorial ba
kground, one is simply not interested in keeping every singledete
tor event. Therefore presele
tion measures based on prede�ned 
riteria need tobe in pla
e in order to redu
e data drasti
ally, allowing for a more e�e
tive datamanagement and extra
tion of events whi
h are interesting for later physi
al studies.At CDF�II this is implemented by means of a three level trigger system (see �gure2.7 for illustration) whi
h evaluates information 
oming from the various dete
tor
omponents. The de
ision to dis
ard an event or not su

essively made by ea
h triggersubsystem (Level) is based on trigger tables 
ontaining trigger paths, whi
h in turnin
orporate rules de�ning requirements for an event. The Two Tra
k Trigger (TTT)is a prominent example for the 
ontent of su
h a trigger path. Sin
e it is of parti
ularimportan
e for studies where B mesons are re
onstru
ted on an ex
lusive basis, asperformed in the generation of data used for the presented analysis, a short des
riptionof the TTT will be given in the next sub�se
tion. The design and fun
tionality of thethree trigger levels is des
ribed in [21℄ and brie�y outlined in [22, 23℄.Two Tra
k TriggerThe Two Tra
k Trigger sele
ts a tra
k pair displa
ed from the primary intera
tionvertex and requires this event to possess the following attributes:
• Level 1At least two XFT tra
ks (Extremely Fast Tra
ker, [24℄) ea
h having a minimumtransverse momentum pT > 2 GeV/
 and a total transverse momentum of pT,1 +
pT,2 > 5.5 GeV/
. The azimuthal angle between the two tra
ks is required to be
∆φ1,2 < 135◦.
• Level 2A minimum of two SVT tra
ks (Sili
on Vertex Trigger, [25℄) mat
hing the XFTtra
ks (χ2

SV T < 25) and ea
h possessing pT > 2 GeV/
, an impa
t parameter d0in the range 120 µm and 1 mm and de
ay length Lxy > 200 µm.
• Level 3The SVT tra
ks have to mat
h the tra
ks in the COT. The additional require-ments are: 2◦ < ∆φ1,2 < 90◦, 80 µm< d0 < 1 mm, Lxy > 200 µm.Additional requirements are implemented by the Two Tra
k Trigger subpaths. Theseare ne
essary in order to adjust data taking to di�erent luminosity s
enarios.



2.3. The CDF Dete
tor 35

L2 trigger

Detector

L3 Farm

Mass
Storage

L1 Accept

Level 2:
Asynchronous 2 stage pipeline
~20µs latency
300 Hz Accept Rate

L1+L2 rejection:  20,000:1

7.6 MHz Crossing rate
132 ns clock cycle

L1 trigger

Level1:
7.6 MHz Synchronous pipeline
5544ns latency
<50 kHz Accept rate

L2 Accept

L1 Storage
Pipeline:
42 Clock 
Cycles Deep

L2 Buffers: 
4 Events

DAQ Buffers 

PJW  10/28/96

Dataflow of CDF "Deadtimeless" 
Trigger and DAQ

Figure 2.7: The three level trigger system at CDF�II.
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• B_LOWPT: Low pT s
enario: At least two SVT tra
ks with a minimum totaltransverse momentum of pT,1 + pT,2 > 4.0 GeV/
.
• B_CHARM: Medium pT s
enario: Requires at least two oppositely 
harged SVTtra
ks with pT,1 + pT,2 > 5.5 GeV/
.
• B_HIGHPT: High pT s
enario: At least two oppositely 
harged SVT tra
ks with
pT,1 + pT,2 > 6.5 GeV/
.In order to s
ale down the amount of data in periods of high luminosity, a dynami
allyadjusted quantity p, 
alled pres
ale fa
tor, is introdu
ed. Pres
aling of the triggerpaths means that only one out of N = 1/p events having met the trigger requirementsis a

epted. This provides for more free bandwidth for other trigger paths by de
reasingthe deadtime of the trigger system. The pres
ale fa
tors are stored in a database tobe a

essible in o�ine software.



Chapter 3Theoreti
al Overview: Bs MesonPhysi
sIn order to understand how and to whi
h extent an analysis of the de
ay Bs → DsDs
an help to make inferen
es to physi
s in the Bs meson se
tor, this 
hapter aims tomotivate the given study by outlining the underlying theoreti
al framework. In the�rst pla
e a brief introdu
tion into the Standard Model of parti
le physi
s is given.3.1 Introdu
tionIntrodu
ed in the 1960's, the Standard Model (SM) of elementary parti
le physi
s [26,27, 28, 29℄, whi
h sin
e then has been and still is subje
t to numerous tests and 
ross�
he
ks, up to now is 
ommonly a

epted as the best theory to 
onsistently des
ribethe properties of parti
les and three out of the four fundamental intera
tions knowntoday. In mathemati
al parlan
e the des
ription of the Standard Model 
orrespondsto the lo
al symmetry group SU(3)C ⊗ SU(2)L ⊗ U(1)Y . The strong, ele
tromagneti
and weak intera
tion between spin 1/2 fermions are mediated by the ex
hange of spin
1 parti
les, 
alled bosons. The ex
hange parti
les are asso
iated with gauge �elds ofthe respe
tive symmetry groups:
• SU(3) → Gα

µ, α = 1...8The gauge �elds Gα
µ represent the eight physi
al parti
les mediating the strongintera
tion, 
alled gluons.

• SU(2) → W α
µ , α = 1...3

• U(1) → BµThe gauge �elds W α
µ and Bµ are asso
iated with two 
harged bosons, W±, andone neutral boson, Z0, being responsible for the ex
hange of the weak intera
tion,and the massless photon, γ, mediating the ele
tromagneti
 intera
tion.
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s
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)Table 3.1: The elementary fermioni
 parti
les of the Standard Model, leptons (left)and quarks (right). Ea
h lepton and quark in addition has its antipartner l̄ and q̄respe
tively.All fermions share the 
apability to parti
ipate in the weak, and if 
harged, in theele
tromagneti
 intera
tion. Fermions are divided into quarks and leptons, ea
h being
lassi�ed into three families or six �avors respe
tively. In addition, ea
h fermionpossesses its anti-partner, giving rise to 12 elementary parti
les in the fermion and 12elementary parti
les in the quark se
tor (see table 3.1). Quarks belonging to a givenfamily are subdivided into up and down type quarks. In 
onsequen
e of featuringanother quantum number, 
alled 
olor 
harge, quarks additionally take part in strongintera
tions. Due to self�intera
tion of the gluons, a result of 
arrying 
olor themselves,quarks never o

ur isolated, a phenomenon usually referred to as 
on�nement. To
omplete the rudimentarily drawn pi
ture of the Standard Model, the bound statesbeing formed by quarks are 
alled hadrons, whereupon hadrons 
onsisting of threequarks are referred to as baryons, those 
omposed of one quark and one antiquark areidenti�ed as mesons.Mesons 
onsisting of the bottom quark b and a light quark in general are referredto as B mesons, where Bq is a 
ommonly used denotation for a parti
ular B mesonwith q denoting the lighter quark. Thus, the neutral Bs (B̄s) meson is 
omposed ofa b̄ (b) and the lighter s (s̄) quark. In order to understand the underlying physi
sin the Bs�B̄s system, whi
h are governed by 
harged 
urrent weak intera
tions, someadditional insights into the me
hanism of quark transitions are needed.
3.2 CKM Matrix and Unitarity TriangleAs mentioned above, the weak intera
tion is mediated by W± and Z0 gauge bosons.The only pro
ess allowing for �avor 
hanges is given by 
harged 
urrent intera
tions,
orresponding to the ex
hange of W± bosons. In the quark se
tor, the transitionbetween di�erent quark �avors is hen
e realized by a W± boson intera
tion 
ouplingto the physi
al up and down type quarks1. The parti
ular 
oupling strengths are givenby the elements of the 3× 3 Cabibbo-Kobayashi-Maskawa (CKM) matrix VCKM [30℄.The transformation between the weak eigenstates q′ and the mass eigenstates q, whi
h1To put it 
orre
tly, in the Standard Model the W± gauge boson 
ouples to so 
alled left handedfermions ql, ll only, a property des
ribing the 
hirality of a given parti
le
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oin
ide, 
an be written as




d
′

s
′

b
′



 =





Vud Vus Vub

Vcd Vcs Vcb

Vtd Vts Vtb









d
s
b



 . (3.1)The 18 free real parameters of the 
omplex matrix VCKM are redu
ed to nine ifthe matrix ful�lls the unitarity requirement VCKM V†
CKM = 1, 
orresponding to theexisten
e of three quark families in the Standard Model. Five of these parameters arephases 
ontaining no physi
al information. Thus, the amount of parameters 
an befurther redu
ed to four by means of arbitrary phase 
onventions. These parametersare three rotation angles and one 
omplex phase, giving rise to the 
ommon CKMparameterization:VCKM =





c12c13 s12c13 s13e
−iδ

−s12c23 − c12s23s13e
iδ c12c23 − s12s23s13e

iδ s23c13
s12s23 − c12c23s13e

iδ −c12s23 − s12c23s13e
iδ c23c13



 , (3.2)where sij and cij stand for sin θij and cos θij respe
tively, θij are the rotation anglesand δ is the 
omplex phase.For the above parameterization VCKM holds the experimentally known hierar
hy
s13 ≪ s23 ≪ s12 ≪ 1. This motivates a parameterization whi
h exploits thishierar
hy. By setting
• λ=sin θ12≈0.2

• η=sin θ13 sin δ13/Aλ
3

• ρ=sin θ13 cos δ13/Aλ
3

• A=sin θ23/λ
2and expanding the relations in powers of λ up to the third order, the CKM matrix inthe more frequently used Wolfenstein parameterization is obtained:VCKM
∼=





1−λ2/2 λ Aλ3 (ρ−iη)
−λ 1−λ2/2 Aλ2

Aλ3 (1−ρ−iη) −Aλ2 1



+O
(

λ4
) (3.3)From this parameterization it 
an be seen that the diagonal elements Vii are 
lose to

1, whereas |Vus| ≃ |Vcd| ≈ 0.2. The remaining matrix elements in 
ontrast are verysmall, of the order 10−3.The CKM matrix exhibits a ni
e feature o�ering the possibility to interprete theunderlying physi
s in a graphi
al way if one applies the unitarity 
onditions
3
∑

i=1

VijV
∗
ik = δjk, and 3

∑

j=1

VijV
∗
kj = δik, k = 1, 2, 3 (3.4)
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sto VCKM , leading to six vanishing equations resulting from multiplying two out of thethree 
olumns or rows respe
tively, out of whi
h the 
ombination of 
olumn one andthree is the most 
ommonly used one:
VudV

∗
ub + VcdV

∗
cb + VtdV

∗
tb = 0 (3.5)Dividing ea
h side of (3.5) by Aλ3 ≈ VcdV

∗
cb, and using the Wolfenstein parameteriza-tion leads to

(ρ̄ + iη̄) − 1 + (1 − ρ̄ − iη̄) = 0. (3.6)This depi
ts one of six possible graphi
al representations of unitarity triangles in a
omplex plane, where the parameters belonging to the 
hosen one are best studiedand 
onstrained, sin
e the lengths of the sides are of the same order of magnitude.The 
oordinates of the 
orners of the triangle shown in �gure 3.1 are (0, 0), (1, 0) and
(ρ̄, η̄), where ρ̄ and η̄ are de�ned as

ρ̄ =
(

1 − λ2/2
)

ρ, η̄ =
(

1 − λ2/2
)

η (3.7)The angles of the unitarity triangle are related to the elements of the CKM matrix inthe following way:
φ1 = β = arg

(

−VcdV
∗
cb

VtdV
∗
tb

) (3.8)
φ2 = α = arg

(

− VtdV
∗
tb

VudV
∗
ub

) (3.9)
φ3 = γ = arg

(

−VudV
∗
ub

VcdV ∗
cb

) (3.10)Over
onstraining the parameters of the unitarity triangle by independent experimentalmeasurements is an important goal of �avor physi
s be
ause this provides an essentialopportunity for validating the Standard Model or making 
onstraints to new physi
s.For the dis
ussion of physi
s in the Bs�B̄s system however, the unitarity require-ment based on the produ
t of the se
ond and third 
olumn of VCKM is needed:
VusV

∗
ub + VcsV

∗
cb + VtsV

∗
tb = 0 (3.11)This again gives rise to another possible representation of the unitarity triangle. Sin
ethe angle φs = βs = arg (−VtsV

∗
tb/VcsV

∗
cb) is expe
ted to be 
lose to zero in theStandard Model, the resulting unitarity triangle is degenerated. This predi
tion inturn is equivalent to a vanishing CP violation in the Bs�B̄s system as the angle φs isidenti�ed as the phase being responsible for CP violation.In the next se
tion the formal framework needed for motivating the goal of thisanalysis is introdu
ed. The brief des
ription and the de�nitions of the various quan-tities 
losely follow the dis
ussion in [1℄, where the theoreti
al framework and theexperimental possibilities for the sear
h of new physi
s in Bs de
ays are pointed outin detail. Hen
e, only the most important aspe
ts are outlined while mathemati
alderivations are blanked out 
ompletely throughout the following brief dis
ussion.
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Figure 3.1: The unitarity triangle as one of the possible graphi
al representations ofthe unitarity 
ondition for VCKM .3.3 Bs Meson Mixing and De
ay3.3.1 OverviewThe �avor eigenstates Bs and B̄s are not invariant under the 
onse
utive appli
ationof the 
harge (C ) and parity (P) transformation, in fa
t the eigenvalue problem of CPreads as follows:
CP |Bs〉 = −

∣

∣B̄s

〉 (3.12)Thus, Bs and B̄s are not eigenstates of CP, yet their linear 
ombinations
|Beven

s 〉 =
1√
2

(|Bs〉 −
∣

∣B̄s

〉

) , and ∣

∣Bodd
s

〉

=
1√
2

(|Bs〉 +
∣

∣B̄s

〉

) (3.13)Given the CP even and odd �nal states fCP+ and fCP+ originating from a Bs�B̄s de
ay,one introdu
es the CP width di�eren
e ∆ΓCP = Γ (Bs → fCP+) − Γ (Bs → fCP−) =
Γeven − Γodd. This is theoreti
ally predi
ted to be non�vanishing in the Bs�B̄s system,
orresponding to the fa
t that 
ertain �nal states stemming from Bs�B̄s de
ays arenot a

essible due to their CP 
ontent: pre
isely, more CP even than CP odd statesare realized in Bs de
ays. Furthermore the weak eigenstates do not 
oin
ide with themass eigenstates whi
h again are linear 
ombinations of Bs and B̄s:

∣

∣BL
s

〉

= p |Bs〉 + q
∣

∣B̄s

〉

, and ∣

∣BH
s

〉

= p |Bs〉 − q
∣

∣B̄s

〉 (3.14)where p and q are required to ful�ll the normalization 
ondition |p| 2 + |q| 2 = 1. Themass and width di�eren
e between the light and heavy mass eigenstates are de�nedas
∆m = MH − ML, ∆Γ = ΓL − ΓH , Γ =

1

τBs

=
ΓH + ΓL

2
. (3.15)
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Figure 3.2: Lowest order Feynman diagrams, so 
alled box diagrams, illustrating Bsmixing. The main 
ontribution to the loop pro
esses is indu
ed by the t quark.As des
ribed above, on quark level the weak intera
tion allows the transition betweendi�erent �avors. Sin
e quarks are the basi
 material for mesons, the underlying me
h-anism also enables a |Bs〉 state to 
hange into a ∣∣B̄s

〉 state and vi
e versa. Thisphenomenon is referred to as Bs meson mixing. The time evolution of the Bs�B̄ssystem is governed by the S
hrödinger equation:
i
d

dt

(

|Bs (t)〉
∣

∣B̄s (t)
〉

)

=

(M− i

2
Γ

)(

|Bs (t)〉
∣

∣B̄s (t)
〉

) (3.16)Here the HamiltonianH =

(M− i

2
Γ

)

=

(

M11 − i
2
Γ11 M12 − i

2
Γ12

M∗
12 − i

2
Γ∗

12 M22 − i
2
Γ22

) (3.17)is 
omposed of the mass matrix M = M† and the de
ay matrix Γ = Γ
†, where theo�-diagonal elements M12 = M∗

21 and Γ12 = Γ∗
21 govern Bs�B̄s mixing and mixedde
ay. In the Standard Model, mixing is realized by se
ond order transitions of weakintera
tion with the b (b̄) quark going into an s (s̄) and vi
e versa by W+ and W−ex
hange. These loop pro
esses, that are 
ommonly illustrated in box diagrams (see�gure 3.2), are strongly dominated by the top quark with small 
ontributions stemmingfrom u and c quarks. Hen
e, the phase φM of the 
omplex 2× 2 mass matrixM reads

φM =arg(M12) =arg(VtbV
∗
ts)

2 in the Standard Model. The os
illations that were foundto be very rapid in the Bs�B̄s 
ase (∆m = 17.77± 0.10± 0.07 ps−1) [2℄ 
ompete withtree level de
ays, whereas the leading 
ontribution to Γ12 
omes from the stronglyCKM favored de
ay b → cc̄s (see �gure 3.3 for illustration). b → cūd has a largerphase spa
e than b → cc̄s though, however it 
an not form a CP eigenstate 
ontrary toa cc̄ �nal state. The doubly Cabibbo�suppressed 
ontributions proportional to VubV
∗
us
an safely be negle
ted. Therefore, the tree level de
ay b → cc̄s is the preferred modefor a joint Bs�B̄s de
ay. Be
ause arg(VcbV

∗
cs)

2 is 
lose to the mixing phase arg(VtbV
∗
ts)

2,the Standard Model expe
tation for the phase between Bs mixing and de
ay
φ = φM − φΓ = arg (M12) − arg (−Γ12) (3.18)is 
lose to zero, of the order 10−2, 
orresponding to vanishing CP violation in theinterferen
e between mixing and de
ay. In this 
ase, CP violation des
ribes the phe-nomenon that the absolute amplitude of the interferen
e between a mixed and an
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b c(u)

d,s,νl

u,c,l

W

Vcb(Vub)Figure 3.3: Feynman diagram showing tree level b de
ays in the Standard Model. Themain 
ontribution stems from b → cc̄s.unmixed Bs de
ay into a CP �nal state f does not equal the one of the B̄s into aopposite CP �nal state f̄ :
∣

∣

〈

f | B̄s → Bs

〉

+ 〈f | Bs〉
∣

∣ 6=
∣

∣

〈

f̄ | Bs → B̄s

〉

+
〈

f̄ | B̄s

〉∣

∣ (3.19)Thus, the dete
tion of a sizeable CP violating phase in the Bs�B̄s system would 
learlypoint at physi
s beyond the Standard Model. As the main 
ontribution to the se
ondorder loop pro
esses in Bs�B̄s mixing originates from the t quark and |Vts| is small, newphysi
s 
ould easily 
ompete with the Standard Model 
ontributions to M12, o�eringan opportunity for hypotheti
al new physi
s e�e
ts to be observable.As shown in [1℄, one 
an derive
∆Γ = ∆ΓCP cosφ, with∆ΓCP ≡ 2 |Γ12| = Γ (Beven

s ) − Γ
(

Bodd
s

) (3.20)and
|BL〉 =

1 + eiφ

2
|Beven

s 〉 − 1− eiφ

2

∣

∣Bodd
s

〉 (3.21)
|BH〉 = −1− eiφ

2
|Beven

s 〉+ 1 + eiφ

2

∣

∣Bodd
s

〉

. (3.22)Therefore, in the Standard Model 
ase where φ equals zero, ∆Γ = ∆ΓCP and the CPeigenstates 
oin
ide with the mass eigenstates. This allows for the separation of themass eigenstates by measuring the CP state at the time of the Bs de
ay. However,with a no�vanishing phase, ∆Γ would be diminished by a fa
tor of cosφ. Sin
e ∆Γis identi�ed as 2 |Γ12| whi
h, as stated above, is strongly governed by CKM favoredStandard Model physi
s, the CP de
ay width di�eren
e ∆ΓCP itself is insensitive tonew physi
s.
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Figure 3.4: Illustration of ∆Γ/Γ = ∆ΓCP/Γ · cosφ in the �rst quadrant. The bla
kline shows the Standard Model expe
tation for φ = 0.3.3.2 Determination of ∆ΓCP/ΓAssuming an untagged sample of Bs de
ays, meaning that one does not determine the
b quark �avor of the Bs at produ
tion time, and further assuming the �nal state f tobe a purely CP even produ
t of a b → cc̄s tree level de
ay, it 
an be shown [1℄ togood approximation that

2Br [fCP+] ∼= ∆ΓCP

Γ
. (3.23)To put it 
rudely, by 
ounting events in a parti
ular de
ay mode one is able to dire
tlyinfer the relative CP de
ay width di�eren
e ∆ΓCP/Γ and, with the presumption of nonew physi
s 
ontributions, ∆Γ/Γ. In the non Standard Model 
ase of φ 6= 0 however,a measurement of ∆ΓCP/Γ provides an important input to 
onstrain the relation

∆Γ/Γ = ∆ΓCP/Γ · cosφ whi
h is illustrated in �gure 3.4. The de
ay Bs → D+
s D

−
sis 
onsidered to be an optimal 
andidate for an analysis of this kind: The �nal state

D+
s D

−
s is realized via the CKM favored tree level de
ay b → cc̄s, while to goodapproximation the s quark is supposed to a
t as a spe
tator quark. The Feynmandiagram of this de
ay is depi
ted in �gure 3.5. Moreover, Bs → D+

s D
−
s is believed toyield the main 
ontribution to the de
ay width di�eren
e in the Bs�B̄s system, makingthis de
ay mode notably interesting. D+

s D
−
s is a single, purely CP even �nal state witha total angular momentum of L = 0. Therefore, an angular analysis of the �nal stateto distinguish the di�erent CP states, as it was performed in 
ase of the Bs → J/ψφanalysis [22℄, where the �nal state has the same quark 
ontent, is not required.
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Figure 3.5: Feynman diagram illustrating the de
ay of a neutral Bs (b̄s) into the
harged mesons D+
s (cs̄) and D−

s (c̄s).Using the de
ay Bs → D+
s D

−
s , relation (3.23) be
omes:

2Br
[

D+(∗)
s D−(∗)

s

] ∼= ∆ΓCP

Γ
. (3.24)However, the �nal states 
onsisting of a 
ombination of one or two ex
ited Ds mesonsgive rise to some 
on
ern regarding the exa
t validity of the equation above, be
ausethe CP 
ontent of D+(∗)

s D
−(∗)
s is a priori not known. It is 
ommonly argued that withsome theoreti
al input D+(∗)

s D
−(∗)
s 
an be regarded as predominantly CP even in goodapproximation. The arguments [31℄ read as follows:

• The de
ay Bodd
s → D+

s D
−(∗)
s is forbidden ifmc →∞ is set and terms of the order

1/Ncolor are negle
ted. Furthermore in the untagged de
ay of Bun
s → D

+(∗)
s D

−(∗)
sthe transition to the �nal state is an S�wave.

• In the Shifman�Voloshin (SV) [32℄ limit mc → ∞ and with mb − 2mc → 0,
∆ΓCP is saturated by Γ(Bun

s → D
+(∗)
s D

−(∗)
s ). In addition, with Ncolor →∞ andthe SV limit, 2Γ(Bun

s → D
+(∗)
s D

−(∗)
s ) equals ∆ΓCP .Within these theoreti
al limits Γodd

CP

(

Bun
s → D

+(∗)
s D

−(∗)
s

) vanishes and relation (3.24)also holds true for the ex
ited �nal states. Re
ent measurements however indi
ate thatin the B0
d system the �nal state D+∗D−∗ possesses CP odd 
ontributions of the order

12− 14 per
ent. At this moment one 
an not safely proof that this also holds true for
Bs, but it 
annot be ex
luded that CP odd 
omponents neither are negligible in 
aseof Bs → D

+(∗)
s D

−(∗)
s . Additionally it has been argued [1℄ that the 
orre
tions to theadopted limits may be numeri
ally sizeable. Besides, in the SV limit no multibodyde
ays with more than two �nal states are 
onsidered. Sin
e an ex
lusive sele
tionof the purely CP even �nal state Bs → D+

s D
−
s alone would underestimate the CP
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ontent, one may use the measurement of its bran
hing fra
tion for setting a lowerbound to the CP width di�eren
e,
∆ΓCP

Γ
≥ 2Br

[

D+
s D

−
s

]

, (3.25)as it was performed in the previous CDF measurement [3℄ where the �rst observationof Bs → D+
s D

−
s by means of an ex
lusive re
onstru
tion was reported.3.4 Existing MeasurementsThere exist several measurements related to the de
ay Bs → D+

s D
−
s . In 2000, ALEPHreported eviden
e for this de
ay [33℄. There, D∗

s mesons were re
onstru
ted by evaluat-ing 
orrelations between two dete
ted φ mesons. The in
lusive bran
hing fra
tion wasquoted as Br[Bs → D
+(∗)
s D

−(∗)
s ] = 0.23± 0.10+0.19

−0.09, pointing to ∆ΓCP/Γ = 0.26+0.30
−0.15.In addition, DØ re
ently updated [34℄ their in
lusive measurement of Br[Bs →

D
+(∗)
s D

−(∗)
s ] using data 
orresponding to 2.8 fb−1. The analysis based on the re
on-stru
tion of the semileptoni
 de
ays D∗

s → Dsγ(π
0), Ds → φµν. With Br[Bs →

D
+(∗)
s D

−(∗)
s ] = 0.042 ± 0.015(stat) ± 0.017(syst) and by assuming the in
lusive �nalstate to be predominantly CP even, ∆Γ/Γ = 0.088 ± 0.030 ± 0.036 in the StandardModel s
enario was derived.The observation of the de
ay Bs → D+

s D
−
s on the basis of an ex
lusive measure-ment was reported by the CDF 
ollaboration in the end of 2006 [3℄. A

ounting forthe fa
t that Bs → D∗+

s D−
s la
ks a de�ned CP 
ontent and Bs → D∗+

s D∗−
s is notfully CP even, the measurement of Br[Bs → D+

s D
−
s ] = 0.094+0.044

−0.042 was used to obtainthe lower bound ∆ΓCP/Γ > 0.012 at 95% C.L.



Chapter 4Event Re
onstru
tion and CandidateSele
tionThis 
hapter fo
uses upon the �rst stage of this analysis, 
omprising the 
andidatere
onstru
tion performed by the CDF�II o�ine software as well as the pre�sele
tionand �nal sele
tion of Bs and B0 mesons. Sin
e arti�
ial neural networks are of primaryimportan
e both for the pre� and �nal sele
tion, a brief introdu
tion to this topi
 isgiven �rst.4.1 Arti�
ial Neural NetworksA frequently used pro
edure to extra
t signal events from a given data sample 
om-posed of di�erent event 
lasses is to 
ut on several representative variables. Thenan iterative 
ut optimization is performed in order to �nd the 
ut values yielding anoptimal ratio between number of signal events and ba
kground. However, this 
ut op-timization pro
edure does not a

ount for 
orrelations between variables, potentiallyleading to a signi�
ant loss of signal 
andidates.An alternative approa
h is to perform a transformation mapping the n dimensionalspa
e spanned by a given set of variables onto a single s
alar in su
h a way that thisvariable 
ombines all information and 
orrelations 
ontained in the input variables.This variable therefore 
an be used as a 
ut variable instead of 
utting on a 
ombinationof several variables. A mapping of this kind 
an be realized by arti�
ial neural networks(ANN):
f : R

n ANN−→ R (4.1)The basi
 element of arti�
ial neural networks is the arti�
ial neuron or node whi
hoperates analogous to the biologi
al neuron in the brain. This spe
ialized 
ell is 
om-posed of an input stru
ture (the dendrites), a 
ell body and an output stru
ture (theaxon). The neurons 
ommuni
ate among ea
h other by ex
hanging ele
tri
al impulsesvia the dendrites and the output synapses of the axon. If the amplitude of the ele
tri
alsignal re
eived via the dendrites ex
eeds a 
ertain threshold, the neuron is triggered
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Figure 4.1: A possible representation of the sigmoid fun
tion.and �res an ele
tro
hemi
al signal along the axon. The intensity of the ele
tri
al signalis ruled by the synapti
 e�
ien
y.The arti�
ial neuron, displayed in �gure 4.2(a), imitates the layout and basi
 fun
-tion of the biologi
al neuron. The dendrites are substituted by an input ve
tor ~x,whereas the intensities of the individual inputs are weighted by fa
tors wij 
orre-sponding to the synapti
 e�
ien
ies.The output of the neuron is a
tivated if the weighted sum of the inputs ex
eeds a
ertain threshold, 
ommonly modeled by the sigmoid fun
tion
S (t) =

2

1 + e−t
− 1, (4.2)whi
h is symmetri
 with respe
t to the point of origin and maps ]−∞,+∞[ to [−1, 1](see �gure 4.1). Hen
e, the output oj of the arti�
ial neuron j with n inputs xi linkedto the neuron 
an be expressed by

oj = S

(

n
∑

i

wijxi − µj

)

, (4.3)where µij is an additional bias 
ontrolling the signal threshold of the neuron.4.1.1 Feed Forward NetworksThe 
on�guration of the arti�
ial neurons within a neural network gives rise to severaldi�erent networks topologies. Sin
e for the purpose of this analysis only the three�layered feed forward network with a single output is of interest, the following briefdis
ussion will fo
us on this spe
i�
 network topology. The denotation feed forwardmeans that information is transferred from the n input nodes xi via the m nodes yjof the hidden layer to the single output node o in one dire
tion only. Figure 4.2(b)shows a simple representation of a three layer feed forward network. The number
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(a) Layout of an arti�
ial neuron (b) A simple three layer feed forward networkFigure 4.2: The arti�
ial neuron, also 
alled node, represents the basi
 element for anyneural network.of input nodes 
orresponds to the number of variables that are assumed to 
ontainimportant information for solving the separation problem. Normally an additionalbias node with a 
onstant value of 1 is added to the input layer. The number ofnodes 
ontained in the hidden layer is allowed to be arbitrary. However, with toomany hidden nodes a network 
an tend to learn spe
i�
 features by heart, losing the
apability to generalize. In the opposite 
ase, if the number of nodes in the hiddenlayer is too small, the network might not be able to 
over and pro
ess all informationsu�
iently. As a general guideline, the number of hidden nodes is 
hosen to be similarto the quantity of input variables.Combining the 
onsiderations dis
ussed so far, the output of a three layer feedforward network with n input nodes, m hidden layer nodes and a single output node
o is 
al
ulated by

o = S

(

m
∑

j

vjS

(

n
∑

i

wijxi − µj

))

, (4.4)where vj denotes the weight of the 
onne
tion of a hidden layer j to the output node.4.1.2 Neural Network TrainingFor the appli
ation of neural networks histori
al or simulated data with known 
lassi-�
ations need to be available. These data are used to train a neural network allowingthe network to 
omprehend 
ertain patterns and thus gain the 
apability to separateevents with a parti
ular 
lassi�
ation out of a non�
lassi�ed data sample. To put itpre
isely, a network training aims at determining the weights of the individual 
onne
-tions in su
h a way that the value of the network output, 
orresponding to a 
ertain
lassi�
ation, 
oin
ides with the known 
lassi�
ation of the training event. This isperformed by iteratively adjusting the weights. After ea
h iterative step the di�eren
ebetween the true and the 
al
ulated network output value is 
ompared by 
al
ulatinga 
ost fun
tion E. One possible representation of a 
ost fun
tion E is the sum over
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onstru
tion and Candidate Sele
tionthe squared di�eren
es between the network outputs oi and the target values ti
E =

N
∑

i

(oi (~w)− ti) 2, (4.5)where N denotes the number of training events and ~w the ve
tor of weights. Anotherpossibility is given by the entropy fun
tion
E =

N
∑

i

− ln

(

1

2
(1 + oi (~w) · ti)

)

. (4.6)The entropy fun
tion used in the NeuroBayes R© pa
kage (see next se
tion) 
ontains anadditional summand τ · 1
2

∑

i w
2
i = τ · P , 
alled the penalty term, in order to suppressos
illations around minima and to keep the training in the learning region. The purposeof the penalty term is to punish the network for high weights, resulting in weight de
ay.This pro
edure represents one possible regularization method to optimize the trainingof a neural network.Within the training pro
edure the parti
ular set of weights is 
hosen whi
h mini-mizes the 
ost fun
tion in the multidimensional parameter spa
e. For the minimizationof the 
ost fun
tion the method of steepest des
ent [35℄ 
an be used. Here the 
hange

∆wij of the weights is oppositely proportional to the respe
tive gradient,
∆wij = −η ∂E

∂wij

, (4.7)where the step size η is the 
onstant of proportionality. In NeuroBayes R© η is adjustedautomati
ally for ea
h weight and for every iteration.4.1.3 NeuroBayes R©All neural networks applied within this analysis are based on the NeuroBayes R© pa
k-age [36℄ providing tools suitable for the predi
tion of probability density fun
tions andfor binary 
lassi�
ation problems. For the latter type of problems three layer feedforward networks with a single output node are used. NeuroBayes R© was developed atthe University of Karlsruhe and is also adopted beyond physi
al problems at the spino� 
ompany <phi-t> R©. In the following subse
tions two of the main NeuroBayes R©features will be outlined in a nutshell.The Bayesian Approa
hAs its name indi
ates NeuroBayes R© makes use of Bayes' theorem [35℄:
P (A |B ) =

P (B |A) · P (A)

P (B)
(4.8)
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ial Neural Networks 51where the 
onditional probability of A assuming a given B, P (A |B ), is 
onne
ted tothe 
onditional probability of B assuming a given A, P (B |A). P (A) denotes the apriori probability to measure A whi
h is independent of the prior probability P (B). Ifone identi�es A as a hypothesis and B as observed data, the Bayesian theorem providesan a posteriori probability P (A |B ) for the hypothesis to hold true for a given event.Assuming that the ratio of signal and ba
kground is the same for training dataand the data to be 
lassi�ed, in the 
ase of a binary de
ision problem the output ofa well trained NeuroBayes R© network 
an be interpreted as a Bayesian a posterioriprobability.
Prepro
essingPrior to the neural network training pro
ess where the optimal 
on�guration of weightsis determined, the input variables are pro
essed in a way that lo
ating the minimum ofthe 
ost fun
tion pro
eeds more e�e
tive. For this purpose, the NeuroBayes R© pa
k-age features a powerful and sophisti
ated variable prepro
essing that provides a widerange of global and individual prepro
essing options. First, the distributions of inputvariables are �attened and mapped onto the interval [−1, +1] and transformed intoGaussian distributions with mean 0 and width 1. In order to dissolve 
orrelationsbetween input variables, the 
ovarian
e matrix is diagonalized by a series of rota-tions. The minimization pro
ess bene�ts from a de
orrelated set of input variablessigni�
antly.By means of several methods that 
an be a
tivated by individual prepro
essingoptions, or prepro
essing �ags, 
ertain features of the input variables 
an be treatedindividually. A method often applied throughout this analysis is to �t and repla
e adistribution of a variable with spline fun
tions, suppressing �u
tuations of the distri-bution that might 
ause overtraining of the network.Yet another important feature of the prepro
essing is the iterative 
al
ulation ofthe signi�
an
es of the input variables. Starting from an initial set of N variables,the total 
orrelation to the target is 
al
ulated. Then one training variable after theother is omitted and for ea
h set of variables the loss of total 
orrelation is 
omputed.The variable 
ausing the smallest loss of information is then eliminated so that thenew set of variables entering the next iteration 
ontains N −1 variables. By repeatingthis pro
edure up to the point where there is no variable left one obtains a list of
orrelations to the target and of the signi�
an
es for the 
omplete set of input variables.The 
orrelations between the variables 
an be illustrated in a graphi
al representationof the 
orrelation matrix, whi
h is given in an analysis �le at the end of ea
h training:Here the 
oe�
ients ρij = cij/σiσj of the 
ovarian
e matrix cij are displayed 
olor�
oded a

ording to their magnitude.
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Figure 4.3: Example of a neural network 
lassi�
ation of the training data. Thenetwork output −1 stands for pure ba
kground, +1 for signal.Evaluating the Neural Network Performan
eThe analysis �le, whi
h is generated subsequent to a training, 
ontains 
omprehensiveinformation about prepro
essing results for ea
h individual variable and further plotsindi
ating the quality and potential performan
e of a neural network.Figure 4.3 shows an example of the network 
lassi�
ation of training data. Herethe network output ranges between [−1, +1] 
orresponding to the result of the binary
lassi�
ation of the training data where −1 stands for ba
kground and +1 for signal.Introdu
ing the quantities purity P and e�
ien
y ǫ provides further indi
ators forthe qualitiy and performan
e of a neural network:
P (nnout) =

NS (> nnout)
(NS +NB) (>nnout) (4.9)

ǫ (nnout) =
NS (> nnout)

NS

. (4.10)Here, NS and NB denote the signal and ba
kground events respe
tively obtained fora given 
ut on the network output nnout. Figures 4.4(a) and 4.4(b) exemplarily showpossible graphi
al representations of the purity, on
e plotted against the e�
ien
yand on
e against the network output. The output 
an be mapped onto the interval
[0, 1] and, in the 
ase of an optimal trained neural network, it 
an be interpreted asa probability. This assumption for a given network training is allowed if the purity in�gure 4.4(b) lies on the diagonal. In the purity�e�
ien
y plot the data point being
losest to the 
oordinate (1, 1) 
an be used to sele
t an optimal working point. Using�gure 4.4(b) this 
an be translated into a value of the neural network output whi
hone may prefer to 
ut on.
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(b) The purity plotted against the neural net-work outputFigure 4.4: Examples of NeuroBayes R© plots indi
ating the performan
e of a neuralnetwork.4.2 Data SamplesThis study uses data taken between February 2002 and January 2007 during the CDFRun�II operation period. The full dataset is split up into several subsets, namelyxbhd0d, xbhd0h, xbhd0i and xbhd0j (CDF internal notation), re
orded during dif-ferent data a
quisition periods. From the xbhd0j dataset only data up to the runnumber 233111 enter the analysis, equivalent to total statisti
s 
orresponding to anintegrated luminosity of 1.7 fb−1. In the next se
tions the steps performed to generateand prepare the data samples being available for this analysis are outlined.4.2.1 Event Re
onstru
tionThe starting point of the generation of the used data is the Two Tra
k Trigger (TTT),whi
h is an essential part of the CDF�II data a
quisition system for many analyses inthe se
tor of B meson physi
s. Every event 
andidate 
olle
ted in the given datasetwas sele
ted by the TTT. The prede�ned trigger paths of the TTT have already beenoutlined in se
tion 2.3.5. For these triggered events raw tra
ks are re
onstru
ted bymeans of several tra
king algorithms implemented in the CDF�II o�ine software (seebrief dis
ussion in se
tion 2.3.2).The next step 
omprises the re
onstru
tion of ex
lusive B meson de
ays performedwith the BottomMods [37, 38℄ software pa
kage. Starting from simple obje
ts, likere
onstru
ted tra
ks, the modular�built software re
onstru
ts high level obje
ts, like
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onstru
tion and Candidate Sele
tionHigh level obje
ts Low level obje
ts
Bs → D+

s → φπ+ → K+K−π+

D−
s → φπ− → K+K−π−

Bs → D+
s → φπ+ → K+K−π+

D−
s → K0∗K− → K+π−K−

Bs → D+
s → φπ+ → K+K−π+

D−
s → π+π−π−

Bs → D+
s → K0∗K+ → K+π−K+

D−
s → K0∗K− → K+π−K−

Bs → D+
s → K0∗K+ → K+π−K+

D−
s → π+π−π−

Bs → D+
s → π+π−π+

D−
s → π+π−π−Table 4.1: De
ay 
hains of the studied Bs → D+

s D
−
s de
ays. The highest level obje
tsare the ex
lusively re
onstru
ted Bs mesons, the lowest level obje
ts represent thestable parti
les, pions and kaons, where the re
onstru
tion 
hain starts from.

B mesons, by inverting the sequen
e of the de
ay 
hain. The output of ea
h moduleserves as input to the next one with the last module providing a list of 
andidates fora parti
ular meson. The bottom�up re
onstru
tion with BottomMods 
omprises thefollowing steps:
• All tra
ks are required to have a su

essful helix �t.
• A 
olle
tion of pion and kaon 
andidates is obtained by re�tting the sele
tedtra
ks with either a pion or kaon mass hypothesis.
• The 
olle
tion of stable parti
le 
andidates is used to re
onstru
t a 
olle
tionof unstable parti
les of a given event, whi
h in turn 
an be used to re
onstru
tunstable parti
les at a higher level of the de
ay hierar
hy.
• Dependent on the de
ay topology, the highest level obje
t is obtained by 
om-bining a 
ertain 
olle
tion of unstable and stable parti
les of the previous re
on-stru
tion steps.Throughout this thesis six hadroni
 Bs and three hadroni
 B0 de
ay modes are an-alyzed (see tables 4.1 and 4.2 for details). All of these de
ay 
hannels have six
harged tra
ks in the �nal state and most of the 
hannels share a similar de
aytopology with two se
ondary resonan
es de
aying into two parti
les ea
h. There-fore the dis
ussion of the meson re
onstru
tion is exemplarily given for the de
ay

Bs → D+
s (φπ+)D−

s (K0∗K−) only.
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ts Low level obje
ts
B0 → D+

s → φπ+ → K+K−π+

D− → K−π+π−

B0 → D+
s → K0∗K+ → K+π−K+

D− → K−π+π−

B0 → D+
s → π+π−π+

D− → K−π+π−Table 4.2: De
ay 
hains of B0 → D+
s D

− de
ays being subje
t to this analysis.
The re
onstru
tion of a Bs in the 
hosen de
ay mode starts with the sele
tion ofa φ 
andidate. For this, as a �rst step two oppositely 
harged tra
ks assumed to bekaons are 
ombined. However, one has to a

ount for the fa
t that most of these
ombinations do not originate from a real φ de
ay but are just random and thereforeare treated as ba
kground. To reje
t a large amount of these ba
kground events, a fullvertex �t is performed and from that a 
andidate's invariant mass based on the sumof the four momenta of the kaon tra
k 
andidates is 
al
ulated. The 
al
ulation ofthe verti
es, invariant masses, parti
le four momenta and the 
orresponding 
ovarian
ematri
es is done with the CTVMFT [39℄ software pa
kage. Sin
e the 
omputation neededfor a full vertex �t is rather time�
onsuming, prior to performing the vertex �t someloose 
uts and parti
ularly a soft presele
tion on the estimated raw invariant mass of atra
k pair are applied. A sele
ted tra
k pair is a

epted as a φ 
andidate if the vertex �twas su

essful and the invariant mass lies in the window 1.005 GeV/
2 < Mφ < 1.035GeV/
2. In order to form a K0∗ 
andidate for the other de
ay bran
h, two oppositely
harged tra
ks are assumed to stem from a pion and a kaon. This 
andidate is onlya

epted if the invariant mass after a su

essful vertex �t does ful�ll the requirement

0.837 GeV/
2 < MK0∗ < 0.947 GeV/
2. Adding one further 
harged tra
k to ea
hde
ay bran
h, whi
h is supposed to be a pion in the φ 
ase and a kaon in the K0∗ 
ase,a D+
s and a D−

s 
andidate is formed. In the following vertex �t the tra
ks belonging tothe sele
ted 
andidates for the de
ays D+
s → φπ+ and D− → K0∗K− are required to
ome from one 
ommon vertex ea
h. All the loosely mat
hing 
ombinations of 
harged

Ds meson 
andidates allowing for the re
onstru
tion of a Bs → D+
s D

−
s are a

eptedif the vertex �ts su

eeded and their respe
tive invariant masses lie within 1.87 and

2.07 GeV/
2 
orresponding to a mass window of +100 MeV/
2 around the Ds mass of
1.968 GeV/
2 published by the Parti
le Data Group (PDG) [4℄. For performing the
Bs vertex �t the Ds mass is 
onstrained to its PDG value. At this stage, in additionthe Bs 
andidates have to ful�ll the spe
i�
ations of the Two Tra
k Trigger and therequirements of the B_LOWPT B_CHARM and B_HIGHPT trigger subpaths.
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onstru
tion and Candidate Sele
tion4.2.2 B Stntuples and �at NtuplesThe data produ
ed by the re
onstru
tion of Bs or B0 
andidates are stored in a spe-
ial data 
ontainer, 
alled B Stntuple [40℄, whi
h was 
ustom�built for the purpose ofstoring data of this kind and performing studies in the �eld of B meson physi
s. BStntuples hold all the vertex �t information obtained in every stage of the re
onstru
-tion 
hain and for ea
h a

epted meson 
andidate and de
ay parti
le. However, theformat is very 
onsuming in terms of mass storage (O(TB)) and requires to run theCDF software to use the data for physi
s studies. Therefore, in the 
ourse of the anal-ysis presented in [41℄ a data format was developed, 
alled �at Ntuples, whi
h allowedto redu
e the amount of data signi�
antly by streamlining the data stru
ture andex
lusively storing data belonging to one single de
ay mode of interest. In addition,working with �at Ntuples bene�ts from the fa
t that they 
an dire
tly be analyzedby using the widely spread ROOT software framework [42℄ whi
h is an essential tool forthis analysis as well. Hen
eforth, �at B Stntuples will be mostly just referred to asNtuples.4.2.3 Monte Carlo SimulationsIn addition to experimental data realisti
 simulations re�e
ting the physi
al behaviorof true Bs and B0 events in the studied de
ay modes are an essential input. Thesesimulated data, that are generated by Monte Carlo (MC) te
hniques, are needed forvarious steps in the analysis.Monte Carlo Ntuple produ
tion 
omprises several su

essive stages, starting withthe 
reation of B mesons based on NLO 
al
ulations1 [43℄ by using the event generatorBGenerator (BGen)[44℄. In 
ontrast to the widely�used PYTHIA [45℄ event generatorwhi
h 
reates bb̄ pairs, BGen only simulates single B mesons without the anti�bottomquark and fragmentation produ
ts. Fragmentation pro
esses are implemented viathe Peterson fragmentation fun
tion [46℄. For the simulation of the di�erent B de
ay
hains the pa
kage EvtGen [47, 48℄ is used. In order to re�e
t e�e
ts en
ountered in theexperimental measurement and data taking pro
esses additional simulation pa
kagesare needed. The simulation of the dete
tor response is implemented with the 
dfSim[49℄ pa
kage, the Two Tra
k Trigger simulation is performed by using TRGSim++ [50℄.The MC datasets are generated in su
h a way that they possess the same Ntupledata stru
ture as the experimental datasets. Hen
e, the same re
onstru
tion andNtuple produ
tion me
hanisms 
an be adopted.4.3 Candidate Sele
tion StrategySin
e the Ntuples used within this analysis still o

upy several GB in terms of diskstorage, 
orresponding to the fa
t that most of the Bs and B0 meson 
andidates1Next to Leading Order
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tion Strategy 57stem from random 
ombinatori
s, the datasets have to be further redu
ed by pla
ingadditional 
onstraints to the 
andidate attributes. This is a
hieved by applying loosepre�
uts on 
ertain variables stored in the Ntuple data stru
ture so that obviousba
kground events are sorted out. This enables a mu
h smoother operation of arti�
ialNeural Networks whi
h are used for the �nal 
lassi�
ation and sele
tion of Bs → DsDsand B0 → DDs de
ay events.In order to improve the tra
k quality, all the Ntuples originating from experimentaldata and likewise the respe
tive MC Ntuples datasets share the following 
ommon pre�
uts per tra
k:
• Number of COT stereo hits ≥ 10
• Number of COT axial hits ≥ 10
• Number of Sili
on Stereo + Sili
on axial hits ≥ 3
• Minimum tra
k transverse momentum pT ≥ 0.35 GeV/

• A maximum two�dimensional χ2

rφ < 40 in the Bs vertex �tMoreover, 
andidates re
onstru
ted from tra
ks with wrong 
harge 
ombinations arereje
ted. The 
harge 
onstraints depend on the �nal pion and kaon states in therespe
tive de
ay mode and are listed in tables 4.3 and 4.4 where all the applied pre�sele
tion 
uts are given.As far as the de
ay Bs → D+
s D

−
s is 
on
erned, only very few events are expe
tedto be observed in experimental data whi
h is due to the small bran
hing fra
tionsof the studied hadroni
 Ds de
ay modes. Therefore, the pre�
uts are 
hosen to berather 
onservative. The sele
tion of variables and 
ut values is mainly based uponthe results of a �rst neural network training performed for ea
h 
hannel. From that,the �attened distributions of input variables whi
h are generated in the 
ourse of thevariable pre�pro
essing are studied individually. Some variables exhibit a distin
tseparation of signal and ba
kground. A 
ut value 
an be estimated in su
h a way thatregions of the �attened distribution 
ontaining a vanishing number of signal events are
ut o�. To illustrate this pro
edure, �gure 4.5(a) shows the �attened distribution ofthe quantity |d0 (Bs)| used as an input variable in the network training for the 
hannel

Bs → Ds(φπ)Ds(φπ). From this distribution a 
ut sorting out obvious ba
kgroundis estimated. In �gure 4.5(b) the original distribution of d0 (Bs) is shown after the
hosen 
ut has been applied. By using this pre�
ut the long tails to the left andright of the simulated signal peak (MC), 
orresponding to non�Bs meson events witha large displa
ement with respe
t to the primary vertex, are 
ut o�. This plot alsoillustrates the pursued strategy of applying soft pre�
uts only. Besides, in the 
ase ofthe exempli�ed de
ay 
hannel Bs → Ds(φπ)Ds(φπ) one is not interested in pla
ingtoo hard 
uts be
ause a su�
ient amount of ba
kground has to be 
onserved forperforming the neural network training (see se
tion 4.4.1). The large e�
ien
y ofba
kground redu
tion already a
hieved by soft pre�
uts is 
aused by the fa
t that
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D → Kππ, Ds → φπ, φ→ KK

q (πDs
) + q (KD) + q (π1

D) + q (π2
D)

!
= 0

|d0 (B0)| < 0.02 
m
Lxy/σLxy

(B0) > −2

D → Kππ, Ds → K0∗K, K0∗ → Kπ

q (KDs
) + q (KD) + q (π1

D) + q (π2
D)

!
= 0

pT (Ds) > 1.75 GeV/

|d0 (B0)| < 0.02 
m

Lxy/σLxy
(B0) > −2

D → Kππ, Ds → πππ

pT (Ds) > 1.2 GeV/

|d0 (B0)| < 0.02 
m

Lxy/σLxy
(B0) > −1.3

Lxy/σLxy
(Ds) > 3.3

Lxy/σLxy
(D) > 3.3Table 4.3: Applied pre�
uts for the studied B0 → D+D−

s de
ays. See se
tion A in theAppendix for the de�nition of variables.
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D1,2

s → φπ, φ→ KK D1
s → φπ, D2

s → K0∗K, K0∗ → Kπ

q
(

πD1
s

)

+ q
(

πD2
s

) !
= 0 q

(

πD1
s

)

+ q
(

KD2
s

) !
= 0

pT (Bs) > 5.5 GeV/
 pT (Bs) > 3.5 GeV/

pT (D2

s) > 0.5 GeV/
 pT (D1
s) > 0.5 GeV/


|d0 (Bs)| < 0.02 
m |d0 (Bs)| < 0.02 
m
Lxy/σLxy

(Bs) > −2.3 Lxy/σLxy
(Bs) > −2.5

Lxy/σLxy
(D1

s) > 0.0 Lxy/σLxy
(D1

s) > −1.2
Lxy/σLxy

(D2
s) > 0.0

D1
s → φπ, D2

s → πππ, φ→ KK D1,2
s → K0∗K, K0∗ → Kπ

q
(

πD1
s

)

+
∑3

i=1 q
i
(

πi
D2

s

)

!
= 0 q

(

KD1
s

)

+ q
(

KD2
s

) !
= 0

|d0 (Bs)| < 0.02 
m pT (D2
s) > 1.0 GeV/


Lxy/σLxy
(Bs) > −2.8 |d0 (Bs)| < 0.011 
m

nnout > −0.995 Lxy/σLxy
(Bs) > −1.8

D1
s → K0∗, D2

s → πππ, K0∗ → Kπ D1,2
s → πππ

q
(

KD1
s

)

+
∑3

i=1 q
i
(

πi
D2

s

)

!
= 0

∑2
j=1

∑3
i=1 q

i
(

πi

D
j
s

)

!
= 0

pT (D1
s) > 1.0 GeV/
 |d0 (Bs)| < 0.02 
m

|d0 (Bs)| < 0.02 
m Lxy/σLxy
(Bs) > −4

Lxy/σLxy
(Bs) > −2.8 nnout > −0.97

nnout > −0.99Table 4.4: Applied pre�
uts for the studied Bs → D+
s D

−
s de
ays that are used forpreparing data for the next stage of 
andidate sele
tion. See se
tion A in the Appendixfor the de�nition of variables.
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(a) Flattened distribution of |d0 (Bs)|
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(b) d0 (Bs) distribution after pre�
utFlattened distribution of the absolute value of the impa
t parameter, |d0 (Bs)| (left),used for the Bs → Ds(φπ)Ds(φπ) network. Original distribution of the impa
tparameter after a soft pre�
ut of |d0 (Bs)| < 0.02 
m has been applied (right).both the Ds mesons, whi
h are narrow states, de
ay into a φ meson also being anarrow state. Therefore signal and ba
kground are well separable.For de
ay 
hannels with small expe
ted signal yields and where no su�
ient ba
k-ground suppression by means of pre�
uts 
ould be a
hieved, a very loose pre�
ut ona network output based on a �rst training was applied. In doing so a dramati
 ba
k-ground redu
tion was observed while signal e�
ien
y in Monte Carlo was larger than
99% in all three a�e
ted 
hannels.Subsequent to the pre�sele
tion, arti�
ial neural networks are employed in the nextstage of the sele
tion of signal events. A brief introdu
tion to theory and utilization ofarti�
ial neural networks was already given at the beginning of this 
hapter. Neuralnetwork training results are shown in se
tion 4.4.2 and in se
tion B of the Appendix.Finally, the observed signal yields obtained by the ex
lusive re
onstru
tion and sele
-tion of Bs and B0 meson will be presented in se
tion 4.5.
4.4 Ex
lusive Bs and B0 Meson Sele
tionMeasuring the bran
hing fra
tion Br [Bs → D+

s D
−
s ] requires a su�
ient amount ofsignal events both in the de
ays Bs → D+

s D
−
s and B0 → D+D−

s . A quantity des
ribingthe performan
e of an event sele
tion in a data sample is the Signi�
an
e S = NS√
NS+NBwhere signal events NS and ba
kground events NB are taken from a prede�ned region.Therefore, in many analyses this quantity is the optimized �gure of merit to obtain agood 
andidate sele
tion to be used for further analyti
al steps. This analysis makesuse of the NeuroBayes R© pa
kage for data 
lassi�
ation and 
andidate sele
tion. Thegeneral ideas that were brie�y dis
ussed before are now spe
i�ed in more detail.
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tion 614.4.1 NeuroBayes R© Network Training and Data Classi�
ationIn order to perform a training of arti�
ial neural network, a set of variables su�
ientlyrepresenting the information 
ontained in the training patterns needs to be in pla
e.Composition of Training Data SamplesTraining patterns 
omprise two distin
tive data samples whi
h are a priori knownto be signal or ba
kground events. Signal events are generated by means of MonteCarlo simulations. The other sample has to re�e
t the random 
ombinatorial behaviorof non�signal events. Sin
e 
urrent physi
al models used in Monte Carlo simulationsare not able to model the 
omplex quark produ
tion and hadronization pro
esses su�-
iently, ba
kground samples are taken from real data. To put it more pre
isely, usuallyone uses data from the upper and lower sidebands of the invariant mass spe
trum thatare assumed to 
ontain a vanishing amount of signal events, but are as 
lose as pos-sible to the invariant mass of the signal. However, in the 
ase of Bs → D+
s D

−
s and

B0 → D+D−
s , ba
kground data sampling is restri
ted to the upper sideband be
ausethe lower mass region also 
ontains a huge amount of signal like de
ay events, mainlypartially re
onstru
ted Bs and B0. These will be dis
ussed in se
tion 4.5 in moredetail. Sin
e the upper sideband is very similar to the signal region in kinemati
alrespe
ts, it is assumed to provide a good des
ription of the ba
kground in the signalregion. For all the studied de
ay 
hannels of Bs → D+

s D
−
s (B0 → D+D−

s ) ba
kgrounddata was extra
ted from an upper sideband starting at 5.45 GeV/
2 (5.35 GeV/
2).The upper limit of the sideband depends on the amount of ba
kground data desiredfor a given network training and thus varies from 
hannel to 
hannel. Figure 4.5 showsan example of a typi
al 
omposition of training data samples.Prior to serving as an input for network training, Monte Carlo and ba
kgrounddata are prepared by likewise applying the set of pre�
uts spe
i�ed in se
tion 4.3.Sele
tion of Input VariablesThe sele
tion of input variables assumed to provide maximum information needed foran e�e
tive dis
rimination between signal and ba
kground events is 
riti
al to thenetwork performan
e. There are di�erent strategies for determining an optimal setof variables. First, one might start with a small set that is empiri
ally known toprovide for a good dis
rimination for a given problem. For this, variables used in a 
utbased analysis 
ertainly form a good starting point. Further variables are added oneby one to the original set, and for ea
h set of variables a network training in
ludingprepro
essing is performed. Variables not adding signi�
ant information or exhibitinglarge 
orrelations to other variables are sorted out again. This pro
edure is repeateduntil no further variables are found adding any dis
riminating power. Here, one ofthe basi
 rules is to keep the set of input variables as small as possible in order toimprove the network's generalization 
apabilities and prevent it from learning featuresby heart.
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Figure 4.5: Composition of data typi
ally used for a neural network training. The sam-ples are 
omposed of simulated signal events (Monte Carlo) and ba
kground extra
tedfrom the upper sideband of the invariant mass spe
trum. The example represents thetraining data used for the 
hannel B0 → D+D−
s → φπKππ. Please note that therepresentation does not display data true to s
ale.Within this thesis however, the 
ontrary pro
edure to this bottom�up approa
h isused. A large set of training variables is fed into the training prepro
essing and a �rstnetwork training is performed. This set is 
omposed of variables that might hold anykind of relevant information for the given 
lassi�
ation problem, in
luding variablesused in a re
tangular 
ut analysis. Now, on the basis of the variable prepro
essing andthe performan
e of the resulting neural network, single or groups of variables beinghighly 
orrelated to others or holding only very small 
orrelation to the target areremoved. This pro
edure of sorting out variables and performing network trainingsis iterated until removing further variables would result in a loss of signi�
an
e beingtoo high. The minimal signi�
an
e required for the least signi�
ant training variabledepends on the maximum signi�
an
es of the variables providing for the majority ofseparation power and 
an hen
e vary from problem to problem.The �nal sets of training variables for the parti
ular de
ay 
hannels are listed inAppendix B. For nearly all of the de
ays the input variable 
ontaining the bulk ofinformation is the de
ay length divided by its un
ertainty, Lxy/σLxy

(B), of the B0 orthe Bs meson respe
tively, followed by the de
ay length signi�
an
e Lxy/σLxy
(D) ofthe D or Ds meson. Further variables extensively 
ontributing to the dis
riminationbetween signal and ba
kground are variables 
ontaining information 
on
erning thequality of the vertex �t in the re
onstru
tion, χ2

rφ (B), the impa
t parameter |d0 (B)|and various transverse momenta pt. In addition to these variables shared by all studied
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ExpertFigure 4.6: Diagram of the data 
lassi�
ation pro
ess with NeuroBayes R©.de
ay 
hannels, ea
h neural network 
ontains variables spe
i�
 to the parti
ular de
aytopology. For example, in the 
ase of the 
hannels where the Ds de
ays into threepions, the invariant masses of two of the three pions, mπiπj , are introdu
ed. Thedistributions of these variables 
ontain resonan
es re�e
ting the intermediate mesonstates 
ontained in the Ds → πππ de
ay.NeuroBayes R© Program FlowWithout going into detail, the program sequen
e when applying NeuroBayes R© isbrie�y outlined. In order to perpare and run a neural network training, a program
alled Tea
her is used to spe
ify the set of input variables and the signal and ba
k-ground data samples. Furthermore one is allowed to set global and individual pre-pro
essing �ags in order to treat spe
ial features of the several input variables and toassign weights to training events. The training result, 
alled Expertise, is stored inthe Expert File holding all relevant information. As a last step, the Expert performsthe 
lassi�
ation of the dataset by exploiting the training information 
ontained in theExpertise. In doing so, a variable 
ontaining the neural network output representingthe 
lassi�
ation of a given event is written onto the dataset. Figure 4.6 s
hemati
allyillustrates the mode of operation.4.4.2 Training ResultsIn this se
tion the result of one neural network training is shown exemplarily. Thetraining results of the networks trained for the remaining de
ay 
hannels are presentedin Appendix B. The 
ompilation of results is 
on�ned to the essential input andoutput information: First, the variables used for the network are listed ordered bytheir signi�
an
es. The 
orrelations between the variables are illustrated by the 
olor�
oded 
orrelation matrix. Finally, two of the 
hara
teristi
 graphs indi
ating a neuralnetwork's quality and performan
e are given: In the �rst one the linearity of the purityas a fun
tion of the network output is tested, in the se
ond one a network's 
apabilityto separate between signal and ba
kground events is veri�ed on the training data
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Rank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy
(D2

s) 349.27 82 Lxy/σLxy
(Bs) 104.68 23 PID.Rπ(K2

φ2) 83.52 244 χ2

rφ(Bs) 57.52 45 |d0(Bs)| 45.84 36 min(pt) 37.17 267 θhel(K
1

D2
s

) 33.56 218 PID.RK(K1

φ2) 30.05 229 m(φD2
s
) 28.38 1110 Lxy/σLxy
(D1

s) 25.38 611 min(d0/σd0
) 18.79 2712 PID.RK(πD2

s
) 17.16 1713 ∣

∣d0(D
2

s)
∣

∣ 16.41 914 θhel(K
1

D1
s

) 15.93 1815 χ2

3D(Bs) 14.01 516 m(φ1) 13.24 1017 χ2

3D(D1

s) 13.16 718 dlts
0

/σd0
(πD2

s
) 12.57 1619 χ2

3D(φD2
s
) 12.10 1320 Lxy(D

2

s ← φ2) 11.56 2521 ∣

∣d0(πD2
s
)
∣

∣ 11.43 1522 PID.RK(πD1
s
) 11.26 1423 dlts

0
/σd0

(K1

φ2) 10.32 2024 PID.RK(K2

φ1) 10.16 1925 PID.pullTofπ(K1

φ2) 8.78 2326 Lxy/σLxy
(φD2

s
) 8.54 12Table 4.5: The input variables of the Bs → D1

s(φ
1π)D2

s(φ
2π) network. K1,2 denotesthe �rst or se
ond kaon from a φ meson de
ay. See Appendix A for variable de�nitions.
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Figure 4.7: Correlation matrix of the input variables used for the de
ay Bs →
Ds (φπ)Ds (φπ).

Network output
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

p
u

ri
ty

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

(a) Purity over network output. network output
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

ev
en

ts

10

210

310

410

510

Upper sideband (Data)

Signal (Monte Carlo)

(b) Network 
lassi�
ation of training data.Figure 4.8: Two of the training graphs indi
ating the quality and the performan
e ofthe network trained for the 
hannel Bs→ Ds (→ φπ)Ds (→ φπ).



66 Chapter 4. Event Re
onstru
tion and Candidate Sele
tionsample.4.5 Determination of Signal YieldsBy running the Expert on the un
lassi�ed datasets the additional variable nnout hold-ing an event by event 
lassi�
ation en
oded in a real number in the range [−1, 1] iswritten onto the Ntuples. The sele
tion of signal 
andidates is done by performing a
ut on nnout, providing for an e�e
tive elimination of the vast amount of ba
kgroundevents. A good 
andidate sele
tion 
an be a
hieved by maximizing the signi�
an
e
S = NS√

NS+NB
obtained after performing a �t the invariant mass spe
trum resultingfrom a parti
ular 
ut on the network output. For this, a statisti
al method for param-eter estimation and a robust ansatz for the �t fun
tion need to be in pla
e.4.5.1 Extended Maximum Likelihood MethodFor all �ts to experimental data performed throughout this analysis the unbinned ex-tended maximum likelihood method is applied [35℄. In prin
iple one is also allowed touse the maximum likelihood method on binned data whi
h is faster in terms of 
omput-ing time and su�
ient in the 
ase of high statisti
s. However, due to the small signalyields expe
ted for the Bs → DsDs 
hannels, treating data not on an event�by�eventbut only on a binned basis would not be advantageous in terms of pre
ision. In the un-binned maximum likelihood method, 
onsidering a set of n independent measurements(or events) of the variable ~x whi
h follows a normalized probability density f (~x | ~a),an unknown set of parameters ~a is determined by maximizing the joint probabilitydensity fun
tion, 
alled likelihood fun
tion

L (~a) =

n
∏

i=1

f (~xi | ~a) (4.11)by setting
∂L (ak)

∂ak

= 0. (4.12)For numeri
al and 
omputational reasons the utilization of the negative log likelihoodfun
tion F (~a) is more advantageous:
F (~a) = − lnL (~a) = −

n
∑

i=1

ln f (~xi | ~a) (4.13)In order to �nd the set of parameters ~a maximizing the likelihood fun
tion L (~a), thenegative log likelihood fun
tion F (~a) needs to be minimized by requiring:
∂F (ak)

∂ak

= 0. (4.14)
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al problems where the average number of signal events by itself isa parameter to be determined. For this purpose, instead of a normalized probabilitydensity f (~x | ~a) a fun
tion g (~x | ~a) is used, where the integral over g (~x | ~a) in ameasuring range Ω 
orresponds to the quantity of expe
ted events N :
N =

∫

Ω

g (~x | ~a)dx (4.15)Thus, in the extended maximum likelihood method the minimum of the negative loglikelihood fun
tion
F (~a) = −

n
∑

i=1

ln g (~xi | ~a) +N (4.16)in the multi-dimensional parameters spa
e has to be determined. Within this analysisthe �tting pro
edure using the unbinned maximum likelihoodmethod is 
arried out in aspe
ial software environment, 
alled the �tter framework. The �tter framework is builtup in a modular way, hen
e providing a �exible stru
ture suitable for di�erent typesof �tting pro
edures. The �t fun
tion, parameter management and 
ertain featuresof the �t method are implemented by in
luding an additional module, or ModeClass,whi
h in turn is run by a steering exe
utable. The ModeClass represents the interfa
eto the Fitter, whi
h performs the minimization pro
ess by using the program MINUITand passes the determined parameter values ba
k to the ModeClass obje
t. The�tter framework provides the possibility for in
luding several mode 
lasses and sharing
ertain parameters among them, thus allowing for performing simultaneous �ts onmultiple de
ay 
hannels. The software ar
hite
ture of the �tter framework is outlinedin [23℄ and [51℄.4.5.2 General Features of the Fit ModelThe ansatz for the negative log likelihood fun
tion being implemented in the mode 
lassis set up in su
h a way that it is valid for all the studied Bs → DsDs and B0 → DDsde
ay 
hannels respe
tively. In order to formulate a valid model, the 
riti
al featuresof the invariant mass spe
trum in the analyzed range need to be understood andtaken into a

ount, leading to a �t model being built up of several individual templatefun
tions. The 
ontributions en
ountered in the invariant mass spe
tra entering the�t fun
tion 
an roughly be 
lassi�ed into three 
ategories:
• SignalFully re
onstru
ted Bs or B0 meson 
hara
terized by a sharp resonant peak.
• Combinatorial ba
kgroundRandom 
ombinations of tra
ks not originating from the de
ay of a B mesonthat happened to pass the re
onstru
tion and sele
tion requirements.
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• Physi
s ba
kgroundEvents sharing several 
ommon features with true signal events. This 
ategory
an be 
lassi�ed into two sub�types:Partially re
onstru
ted eventsEvents originating from real mesons where one neutral de
ay parti
le had notbeen re
onstru
ted.Re�e
tions and 
rosstalks from other de
aysFully re
onstru
ted de
ays of mesons that happen to o

ur in the signal range ifa wrong parti
le hypothesis has been assigned to one of the parti
les in the �nalstate, hen
e leading to the misre
onstru
tion of another de
ay mode belongingto the same meson or originating from a di�erent, but similar meson de
ay. Thisphenomena are usually referred to as re�e
tions or 
rosstalks.The di�erent �t model 
ontributions belonging to one of the 
ategories quoted aboveare dis
ussed in more detail for the di�erent Bs and B0 
hannels separately. To pro-vide for a 
orre
t implementation, the various features require dedi
ated examinationsmainly being based upon 
omprehensive Monte Carlo studies. However, due to 
on-straints in terms of time and la
k of Monte Carlo data available for the presentedanalysis, not all features of the dis
ussed physi
al e�e
ts 
ould be in
luded in the �tmodel for all 
hannels. If not quoted separately, physi
al ba
kground 
ontributionswere not implemented by means of an additional template but generally 
onsidered asba
kground and hen
e in
luded in the general ba
kground �t template fun
tion.Sin
e the huge number of physi
al ba
kground 
ontributions en
ountered in thestudied de
ay 
hannels already has been dis
ussed extensively in [3℄, the followingdis
ussion is 
on�ned to the templates 
ontained in the �t model used in this analysis.4.5.3 Bs → DsDs Fit Fun
tionThe model for performing an unbinned �t to the invariant mass spe
tra makes use ofthe following templates:Signal TemplateThe shape of the signal peak is modeled by a normalized 
ombination of two Gaussiandistributions with di�ering widths but sharing a 
ommon mean value. With i beingthe index for the parti
ular �nal state, the probability density for the signal reads as:

P i
sig = f i

G1G
(

m | µiσj
1

)

+
(

1− f i
G1

)

G
(

m | µiσi
2

) (4.17)For ea
h 
hannel the widths and the mean of the double Gaussians are determined bya binned �t to a signal Monte Carlo sample (See se
tion C in the Appendix). Dueto the large number of parameters in the overall �t fun
tion, these parameters, as allshape parameters determined in MC pre��ts, are kept �xed for the �nal unbinned �t.
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kground Template Fun
tionCombinatorial ba
kground and further ba
kground 
ontributions not being expli
itly
onsidered in separate templates are well des
ribed by a single exponential fun
tion:
P i

bg = ai exp
(

m | bi
) (4.18)The shape parameters of this template are not determined by any pre��tting and keptfree in the global unbinned �t.Templates for Partially Re
onstru
ted EventsIn addition to 
ombinatorial ba
kground, the lower sideband region is dominated by

Bs → D
+(∗)
s D

−(∗)
s de
ays whi
h arise in the Bs → DsDs invariant mass spe
trum asso 
alled satellite peaks stemming from D+∗

s → D+
s γ (π0), where the missing neutral

π0 or γ 
an not be re
onstru
ted. Therefore these de
ays are referred to as partiallyre
onstru
ted events. The main 
ontribution 
omes from D+∗
s → D+

s γ.
• Bs → D+∗

s D−
sFor this de
ay a template made up of three Gaussians ea
h having its own meanand width is used. The small admixture of D+∗

s → D+
s π

0 produ
es a smoothdouble peak stru
ture.
P i

p1 = f i
G1G

(

m | µi
1σ

i
1

)

+ f i
G2G

(

m | µi
2σ

i
2

)

+
(

1− f i
G1 − f i

G2

)

G
(

m | µi
3σ

i
3

) (4.19)
• Bs → D+∗

s D−∗
sThis re�e
tion generates a broad, featureless shape whi
h is also �tted by a sumof three Gaussians:

P i
p2 = f i

G1G
(

m | µi
1σ

i
1

)

+ f i
G2G

(

m | µi
2σ

i
2

)

+
(

1− f i
G1 − f i

G2

)

G
(

m | µi
3σ

i
3

) (4.20)The shape parameters and fra
tions of the individual single Gaussians are �xed afterperforming the binned �t on Monte Carlo.Re�e
tion Templates
• The de
ay Bs → D+

s (φπ+)D−
s (K0∗K−) has a strong re�e
tion from B0 →

D+
s (φπ+) D−(K−π+π−), whi
h arises if one pion in the �nal state happens tobe misre
onstru
ted as a kaon, leading to a misre
onstru
tion of a B0 as a Bsmeson. To ta
kle this re�e
tion B0 → D+

s (φπ+)D− (K−π+π−) Monte Carlosamples were re
onstru
ted as Bs → D+
s (φπ+)D−

s (K0∗K−) and then subje
tedto the same pre�sele
tion and �nal sele
tion (neural network 
ut) measures asthe polluted Bs → D+
s D

−
s 
ounterpart. The Monte Carlo signal template was�tted with a double Gaussian:

P i
reflsig = f i

G1G
(

m | µiσi
1

)

+
(

1− f i
G1

)

G
(

m | µiσi
2

) (4.21)
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onstru
tion and Candidate Sele
tionThe width and the fra
tion resulting from the MC pre��t were �xed, the meanwas allowed to �oat in the �nal unbinned �t to test the validity of the re�e
tionmodel.This re�e
tion 
auses additional 
ontributions, whi
h arise due to the partialre
onstru
tion of the B0 meson be
ause of neutral pions or photons 
oming from
D

+(∗)
s D−(∗) de
ays being lost. Ea
h of these 
ontributions is �tted by means of atriple Gaussian and will be dis
ussed together with the B0 → D+

s D
− templatesin the next se
tion.

P i
rp1,2,3 = f i

G1G
(

m | µi
1σ

i
1

)

+ f i
G2G

(

m | µi
2σ

i
2

)

+
(

1− f i
G1 − f i

G2

)

G
(

m | µi
3σ

i
3

)(4.22)
• Bs → D+

s (φπ+)D−
s (π+π−π−) has a faint re�e
tion fromBs → D+

s (φπ+) π+π−π−where the three pions falsely were re
onstru
ted to dire
tly 
ome from the D−
svertex. Handling this re�e
tion would require Monte Carlo and re
onstru
tedreal data for Bs → D+

s (φπ+)π+π−π− to estimate a s
ale fa
tor between MonteCarlo and real data. Applying this s
ale fa
tor on the Bs → D+
s π

+π−π− MonteCarlo, re
onstru
ted as Bs → D+
s D

−
s , would provide a 
orre
t normalization ofa template obtained from this Monte Carlo. This pro
edure was performed inthe 
ourse of the former CDF analysis [3℄ and the 
ontribution stemming fromthis re�e
tion was found to be small. Due to la
k of Monte Carlo to reprodu
ethe 
orre
t treatment, this re�e
tion was negle
ted throughout this thesis.

• The situation gets even more 
ompli
ated when looking at the three remainingde
ay modesBs → D+
s (K0∗K+)D−

s (K0∗K−), Bs → D+
s (K0∗K−+)D−

s (π+π−π−)and Bs → D+
s (π+π−π+)D−

s (π+π−π−) where the re�e
tion modes originatingfrom a wrong pion or kaon mass hypothesis are admixed. Developing approa
hesfor eliminating or 
orre
tly handling these pollutions require thorough and 
om-prehensive Monte Carlo studies whi
h have not have been 
ondu
ted yet.The results of the binned �ts for all the dis
ussed templates 
an be found in se
tionC in the Appendix. The 
ombination of ea
h listed template fun
tion gives rise tothe following negative log likelihood fun
tion being used as an ansatz for �tting the
Bs → DsDs invariant mass spe
trum:
F i(~a) = −2

∑n
k=1 ln [N i

1P
i
sig(mk | ~asig) +N i

2P
i
p1(mk | ~ap1) +N i

3P
i
p2(mk | ~ap1)

+N i
4P

i
rsig(mk | ~arsig1) +N i

5P
i
rp1(mk | ~arp1) +N i

6P
i
rp2(mk | ~arp2)

+N i
7P

i
rp3(mk | ~arp3) +N i

8P
i
bg(mk | ~abg)]

+2

8
∑

l=1

N i
l ,The fa
tor of 2 in front of the sum is 
onvention and i 
orresponds to one of the sixstudies Bs de
ay modes. The fa
tors N i

l in front of ea
h probability density fun
tion



4.5. Determination of Signal Yields 71are the numbers of events of the given 
omponent. For modes where no re�e
tion
omponents were introdu
ed, these are swit
hed o� by setting N i
4 = N i

5 = N i
6 = N i

7 =
0. Prior to 
ommitting the log likelihood fun
tion to the �tting pro
ess, the fun
-tion is reparameterized by relating the number of partially re
onstru
ted events tothe respe
tive fully re
onstru
ted signal events. This is motivated by the fa
t thatone prefers not to have the absolute numbers of partially re
onstru
ted events as �tparameters, but the ratios of these with respe
t to the Bs signal peak. For this, oneexploits the relations

N i
2 = f2N

i
1ǫ

i
21 (4.23)

N i
3 = f3N

i
1ǫ

i
31. (4.24)

ǫilm are the ratios of the 
ombined re
onstru
tion and sele
tion e�
ien
ies extra
tedfrom Monte Carlo (see se
tion 4.5.5 for details),
ǫi21 =

ǫi2 (Bs → D+∗
s D−

s )

ǫi1 (Bs → D+
s D

−
s )

(4.25)
ǫi31 =

ǫi3 (Bs → D+∗
s D−∗

s )

ǫi1 (Bs → D+
s D

−
s )

. (4.26)
f2, f3 are identi�ed as the ratios of bran
hing fra
tions

f2 = fD∗

sDs
=

Br (Bs → D+∗
s D−

s )

Br (Bs → D+
s D

−
s )

(4.27)
f3 = fD∗

sD∗

s
=

Br (Bs → D+∗
s D−∗

s )

Br (Bs → D+
s D

−
s )

, (4.28)whi
h dire
tly serve as �t parameters in the rewritten negative log likelihood fun
tionnow having the form:
F i(~ai) = −2

∑n

k=1 ln [N i
1P

i
sig(mk | ~ai

sig) + f2N
i
1ǫ

i
21P

i
p1(mk | ~ai

p2)

+f3N
i
1ǫ

i
31P

i
p3(mk | ~ai

p3) +N i
4P

i
rsig(mk | ~arsig1)

+f5N
i
4ǫ

i
54P

i
p1P

i
rp1(mk | ~ai

rp1) + f6N
i
4ǫ

i
64P

i
p1P

i
rp2(mk | ~ai

rp2)

+f7N
i
4ǫ

i
74P

i
p1P

i
rp3(mk | ~ai

rp3) +N i
8P

i
bg(mk | ~ai

bg)]

+2[N i
1(f2ǫ

i
21 + f3ǫ

i
31) +N i

4(f5ǫ
i
54 + f6ǫ

i
64 + f7ǫ

i
74) +N i

bg].4.5.4 B0 → DsD Fit Fun
tionAs far as B0 → DsD is 
on
erned, the dis
ussion for setting up the log likelihoodfun
tion and the individual templates involved 
losely follows the argumentation inthe last se
tion. The de
ay B0 → DsD additionally was studied be
ause it serves asthe normalization mode for the 
al
ulation of the relative bran
hing fra
tion Br[Bs →
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DsDs]/Br[B0 → DsD]. The templates for signal and for 
ombinatorial ba
kground arethe same as for Bs → DsDs, namely the sum of two Gaussian distributions, havinga 
ommon mean value, and a single exponential respe
tively. The topology of thelower sideband region of the B0 invariant mass spe
trum is very similar to that ofthe Bs meson, hen
e dominated by several satellite peaks originating from partiallyre
onstru
ted B0 → D

(∗)
s D(∗) de
ays. Furthermore, there are some faint 
rosstalk
ontributions from other de
ay modes [3℄ as well, whi
h are not a

ounted for in the

B0 �t model though, either due to being negligible or due to la
k of Monte Carlorequired for detailed studies.Templates for Partially Re
onstru
ted EventsThe de
ays B0 → D+∗
s D−∗ produ
e a series of satellite peaks shifted to smaller massesapproximately by one to two pion masses with respe
t to the B0 → D+

s D
− signalpeak. There are three possible 
ombinations:

• B0 → D−∗D+
sThe D−∗ 
an de
ay either into D− and a lost γ (π0), or into D0π− whi
h isnot re
onstru
ted. The latter e�e
t has to be a

ounted for by the overall re
on-stru
tion e�
ien
y. B0 → D+∗D−

s 
reates a distin
t double peak stru
ture. Thisresults from the D+∗ polarization in the B0 de
ay. Therefore, the angle betweenthe π0 and the momentum heli
ity of the D∗ follows a cos 2θ distribution whi
h
orresponds to a preferred pion release dire
tion in the dire
tion of the D+∗ orin opposition to it. The shape is �tted by a 
ombination of three Gaussians.
• B0 → D+∗

s D−The D+∗
s de
ay is dominated by D+∗

s → D+
s γ, D+∗

s → D+
s π

0 a

ounts for 5.8%only. The shape does not feature any distin
tive 
hara
teristi
s and is �tted bythe sum of three Gaussian distributions.
• B0 → D+∗

s D−∗For the de
ay of the B0 into an ex
ited D+∗
s and D∗− also a triple Gaussian isused. This mode generates a wide bump lo
ated about two pion masses belowthe B0 → D+

s D
− signal.Combining these input information, the log likelihood fun
tion for the jth B0 modeis set up analogously to the Bs 
ase:

F j(~bj) = −2
∑n

k=1 ln [N j
1P

j
sig(mk | ~bjsig) +N j

2P
j
p1(mk | ~bjp1) +N j

3P
j
p2(mk | ~bjp2)

+N j
4P

j
p3(mk | ~bjp3) +N i

5P
j
bg(mk | ~bjbg)]

+2
5
∑

l=1

N j
l .
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onstru
ted events to the number of signalevents, the likelihood fun
tion is modi�ed by substituting
N j

2 = f2N
j
1ǫ

j
21 (4.29)

N j
3 = f3N

j
1ǫ

j
31 (4.30)

N j
4 = f4N

j
1ǫ

j
41. (4.31)Here, f2, f3 and f4 again are equivalent to the ratio of bran
hing fra
tions:

f2 = fDsD∗ =
Br (B0 → D+

s D
−∗)

Br (B0 → D+
s D

−)
(4.32)

f3 = fD∗

sD =
Br (B0 → D+∗

s D−)

Br (B0 → D+
s D

−)
(4.33)

f4 = fD∗

sD∗ =
Br (B0 → D+∗

s D−∗)

Br (B0 → D+
s D

−)
(4.34)The e�
ien
y ratios ǫjlm are de�ned analogously to their Bs pendants in se
tion 4.5.3.Finally, with these modi�
ations the negative log likelihood fun
tion entering the �t-ting pro
edure of the jth B0 → D+

s D
− mode reads as follows:

F j(~bj) = −2
∑n

k=1 ln [N j
1P

j
sig(mk | ~bjsig) + f2N

j
1ǫ

j
21P

j
p1(mk | ~bjp1)

+f3N
j
1ǫ

j
31P

j
p2(mk | ~bjp2) + f4N

j
1ǫ

j
41P

j
p3(mk | ~bjp3)

+N i
bgP

j
bg(mk | ~bjbg)]

+2[N j
1 (f2ǫ

j
21 + f3ǫ

j
31 + f4ǫ

j
41) +N j

bg].4.5.5 E�
ien
iesThe 
ombined re
onstru
tion and sele
tion e�
ien
y ǫi,jk for a 
ertain de
ay sub�type
k (e.g. fully or partial re
onstru
ted de
ay) in the ith (jth) Bs → DsDs (B0 → DsD)de
ay mode is extra
ted from Monte Carlo by 
al
ulating

ǫi,jk =
N i,j,k

rec |MC

f i,j
k NBs,B0

tot |MC

, (4.35)where N i,j,k
rec is the number of events of a parti
ular de
ay mode determined by a �tto the respe
tive Monte Carlo sample, f i,j

k is the pre�set bran
hing fra
tion for thisspe
i�
 de
ay in Monte Carlo and Ntot denotes the total in
lusive number of simulated
Bs → DsDs or B0 → DsD events. This relation needs some modi�
ation due to asystemati
 in
onsisten
y between data and Monte Carlo: The fra
tion of 
andidatestriggered by Trigger 1, 2 or 3 with respe
t to the sum of Trigger 1, 2 or 3 eventsslightly di�ers in the real and the 
orresponding simulated datasets. This needs to betaken into a

ount when one makes use of e�
ien
ies. Therefore, in this analysis an
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tive e�
ien
y ǫ̃ is 
al
ulated by forming the weighted sum (indi
es from above areomitted):
ǫ̃ =

∑3
t=1wtǫt
∑3

t=1 wt

. (4.36)Here, ǫt is the trigger dependent e�
ien
y extra
ted from the fra
tion of events inMonte Carlo having this spe
i�
 trigger �ag only, and wt denotes the 
orrespondingre�weighting fa
tor obtained by:
wt =

Ndata
t /Ndata

Nmc
t /Nmc

(4.37)4.5.6 Compilation of Fit ResultsThis se
tion presents the out
omes of the extended unbinned likelihood �tting pro-
edures for ea
h individual studied Bs and B0 de
ay mode by using the �t fun
tionsand the assumptions de
lared in the last se
tions. Until time of writing there are noresults available on the basis of a 
ut based sele
tion using a 1.7 fb−1 dataset whi
hthe presented numbers of signal events 
ould be 
ompared with. The 
uts appliedon the neural network output to obtain signi�
ant signal sele
tions not always weregeared towards a maximized signi�
an
e but rather towards 
onserving signal events,be
ause in some 
hannels obtaining the highest signi�
an
e would have required a veryhard 
ut, resulting in a substantial loss of signal events, while the gain in signi�
an
ewas marginal. Therefore, in these 
ases softer network 
uts leading to a su�
ientsigni�
an
e level were preferred.The signal yields obtained by the invariant mass �ts are 
ompiled in tables 4.6and 4.7. The presented number of signal events were obtained by integrating overthe broad invariant mass signal range [5.32, 5.42] GeV/
2 for the Bs and [5.23, 5.33]GeV/
2 for the B0 meson de
ays.Final state 
ut on nnout NS NB NS/NB NS/
√
NS +NB

φπ φπ 0.90 44.64 27.60 1.62 5.25
φπ K0∗K 0.76 44.23 164.23 0.27 3.06
φπ πππ 0.88 38.87 98.92 0.39 3.31
K0∗K K0∗K 0.90 49.35 96.67 0.51 4.08
K0∗K πππ 0.92 31.85 77.77 0.41 3.04
πππ πππ 0.90 11.01 58.83 0.19 1.32Table 4.6: Signal yields observed in the six studied Bs → DsDs de
ay modes. Thenumbers obtained in the de
ay modes 4 � 6 (grey) should be regarded as very prelim-inary results.Within the ensemble of studiedBs andB0 de
ay modes, the de
ays Bs → Ds(φπ)Ds(φπ)and B0 → Ds(φπ)D(Kππ) are the `golden' de
ay modes having the maximum sig-nal signi�
an
e. This is be
ause the φ meson is a very narrow state, thus allowing
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Figure 4.9: Unbinned �t to the invariant mass spe
trum of Bs → Ds (φπ)Ds (φπ).Final state 
ut on nnout NS NB NS/NB NS/
√
NS +NB

φπ Kππ 0.64 962.65 368.63 2.61 26.58
K0∗K Kππ 0.84 533.02 622.93 0.86 15.68
πππ Kππ 0.92 583.15 942.74 0.91 16.66Table 4.7: Signal yields observed in the three studied B0 → DsD de
ay modes.for e�
iently dis
riminating signal from 
ombinatorial ba
kground. In 
ontrast, sig-nal sele
tion in the de
ay 
hannel Bs → D+

s (π+π−π+)D−
s (π+π−π−) is very di�
ultsin
e the 
ombinatorial ba
kground is very high in this mode. This is 
aused bythe huge number of possible 
ombinations arising from the six pion tra
ks in the �nalstate. As dis
ussed in se
tion 4.5.3, the de
ay modes Bs → D+

s (K0∗K+)D−
s (K0∗K−),

Bs → D+
s (K0∗K−+)D−

s (π+π−π−) and Bs → D+
s (π+π−π+)D−

s (π+π−π−) feature anadmixture of several re�e
tions polluting the invariant mass spe
tra. Hen
e, the signalyields quoted for these 
hannels 
an di�er from the true number of signal events toan unknown and possibly large extent. This topi
 will require additional thoroughexaminations on the basis of 
omprehensive Monte Carlo studies that have not been
ondu
ted yet. Therefore these 
hannels have not been a

ounted for in the 
al
ulationof bran
hing fra
tions presented in the next 
hapter.
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Figure 4.10: Unbinned �t to the invariant mass spe
trum of Bs → Ds (φπ)Ds (K0∗K).
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Figure 4.11: Unbinned �t to the invariant mass spe
trum of Bs → Ds (φπ)Ds (πππ).
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Figure 4.12: Unbinned �t to the invariant mass spe
trum of Bs →
Ds (K0∗K)Ds (K0∗K).
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Figure 4.13: Unbinned �t to the invariant mass spe
trum of Bs →
Ds (K0∗K)Ds (πππ).



78 Chapter 4. Event Re
onstru
tion and Candidate Sele
tion

Inv. Mass in GeV/c2

4.6 4.8 5 5.2 5.4 5.6 5.8 6 6.2

2
C

an
d

id
at

es
 p

er
 5

 M
eV

/c

0

10

20

30

40

50

60 Data

Fit Function

Combinatorial
sDs D→ sB

sD*
s D→ sB

*
sD*

s D→ sB

 = 11.01SN

 = 58.83BN

 = 0.19B/NSN

 = 1.32B+NSN/SN

4.5 5 5.5 6

fi
t

(d
at

a 
- 

fi
t)

-2

0

2

Figure 4.14: Unbinned �t to the invariant mass spe
trum of Bs → Ds (πππ)Ds (πππ).
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Figure 4.15: Unbinned �t to the invariant mass spe
trum of B0 → Ds (φπ)D (Kππ).
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Figure 4.16: Unbinned �t to the invariant mass spe
trum of Bs →
Ds (K0∗K)Ds (πππ).
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Figure 4.17: Unbinned �t to the invariant mass spe
trum of B0 → Ds (πππ)D (Kππ).
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onstru
tion and Candidate Sele
tion4.5.7 Che
king the Mass Dependen
eIn prin
iple one 
annot ex
lude the possibility that 
hoosing data from the uppersideband region as the ba
kground training sample and Monte Carlo events as thesignal sample might 
ause unwanted e�e
ts in data 
lassi�
ation when using a neuralnetwork. If some of the training variables exhibit a signi�
ant dependan
e on theinvariant mass, a neural network 
an tend to learn to distinguish B mesons not mainlyupon the physi
al properties provided by the input variables, but upon the parti
ularmass range where training events are taken from. In the worst 
ase this 
ould lead toan overestimation of the number of events in the signal region and a disproportionatesuppression of events in the invariant mass region where data were taken from as theba
kground training sample.In order to 
he
k if there exists a mass dependan
e in a neural network 
lassi�
a-tion, one 
an manipulate a data sample in su
h a way that it is known to be purely
omposed of ba
kground events. If a network 
ut using the same neural network thatwas utilized for the 
lassi�
ation of the data sample 
onsisting of ba
kground andsignal events produ
es a peak in the signal region, a mass dependan
e of the neuralnetwork is very likely.This 
he
k was performed for the de
ay 
hannel Bs → Ds(φπ)Ds(φπ). To gener-ate a sample purely 
onsisting of ba
kground events, the 
harge pre�
ut requirementquoted in table 4.4 was inverted, resulting in ex
lusively sele
ting the wrong sign 
om-binations of the parti
le tra
ks. This ba
kground sample was then 
lassi�ed using thesame neural network (see training quality and performan
e graphs given in se
tion4.4.2). After applying the same network 
ut of nnout > 0.9, the invariant mass spe
-trum was �tted using the same �t model dis
ussed in se
tion 4.5.3. The out
ome ofthe unbinned mass �t is shown in �gure 4.18.The �t results in a signal yield of 1 event in the signal region. As an additional
ross 
he
k the same invariant mass spe
trum is re��tted with a non�signal hypothesis,
orresponding to a �t using an exponential as ba
kground template fun
tion only.Based on a 
omparison of the residuals, the `peak' within the signal region shouldbe regarded as an a

idental �u
tuation also o

urring in some other bins of the his-togram. Thus, the neural network is not able to generate a signal peak in a ba
kgrounddata sample. Hen
e, a mass dependent learning e�e
t of the network 
an be ex
luded.Sin
e for ea
h studied 
hannel a very similar set of neural network input variablesessentially provided the bulk of dis
riminating power, this 
he
k was performed forthe 
hannel Bs → Ds (φπ)Ds (φπ) only.
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Figure 4.18: Unbinned �t to the invariant mass spe
trum of Bs → Ds (φπ)Ds (φπ)ex
lusively 
ontaining ba
kground events.
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Figure 4.19: Unbinned �t to the invariant mass spe
trum of Bs → Ds (φπ)Ds (φπ)ex
lusively 
ontaining ba
kground events. For the �t a non�signal hypothesis wasassumed.





Chapter 5Extra
tion of Bran
hing Fra
tionsBeyond studying the bran
hing fra
tionBr [Bs → D+
s D

−
s ], as a byprodu
t of the �ttingpro
edure the presented analysis provides the opportunity to determine additionalquantities, namely the relative bran
hing fra
tions fD∗

sDs
, fD∗

sD∗

s
, fD∗D∗

s
, fD∗

sD and
fD∗

sD∗ . Therefore, prior to presenting the analysis of Br [Bs → D+
s D

−
s ] as the 
entralelement of this analysis, the extra
tion of these relative bran
hing fra
tions is outlined�rst.5.1 Measurement of Br[Bs → D

+(∗)
s D

−(∗)
s ] and Br[B0 →

D+(∗)D
−(∗)
s ]5.1.1 Approa
hThe Bs → D+

s D
−
s modes 4 � 6 are hen
eforth not in
orporated in the measurement ofbran
hing fra
tions sin
e the �t model 
urrently applied does not a

ount for the non�trivial mixture of re�e
tions in these 
hannels (see Se
tion 4.5.3 for details). The rela-tions between the number of signal events in Bs → D

+(∗)
s D

−(∗)
s and B0 → D+(∗)D

−(∗)
sde
ays and the relative bran
hing fra
tions already have been quoted in equations(4.23), (4.24) and (4.32) � (4.34). Evaluating these formula by inserting the numbersof signal events obtained in three out the six studied de
ay modes of Bs → D+

s D
−
sand B0 → D+D−

s respe
tively would lead to three separate values for ea
h relativebran
hing fra
tion that need to be 
ombined for the 
al
ulation of a �nal result.In this analysis however, a more holisti
 approa
h exploiting a 
ertain feature ofthe �tter framework that allows to pass several ModeClass obje
ts to the Fitter is
hosen. By doing so, a syn
hronous �t to the mass spe
tra of several de
ay 
hannels 
anbe performed. Merging the ModeClass obje
ts results in summing up the individualnegative log likelihood fun
tions F i(~ai) and F j(~bj), i, j = 1, 2, 3, spe
i�ed for the
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hing Fra
tionsdi�erent Bs → D+
s D

−
s and B0 → D+D−

s de
ay modes, giving rise to
F ( ~A) =

3
∑

i=1

F i(~ai) (5.1)for the 
ombination of the in
orporated Bs modes, and
F ( ~B) =

3
∑

j=1

F j(~bj) (5.2)for the 
ombined B0 modes. The resulting parameter ve
tors are the sum of theparameter ve
tors belonging to ea
h single log likelihood fun
tion, ~A =
∑3

i=1 ~ai and
~B =

∑3
i=1
~bj . Within the �tter framework, �t parameters are identi�ed by theirdenominations, hen
e the elements of the parameter ve
tors ~A and ~B are dis
riminableby their individual naming. As the relative bran
hing fra
tions from a physi
al pointof view have to be independent of a parti
ular Bs → D+

s D
−
s and B0 → D+D−

s de
aymode, the �t parameters fD∗

sDs
, fD∗

sD∗

s
and fD∗D∗

s
, fD∗

sD, fD∗

sD∗ 
an be shared among thededi
ated 
ombination of Bs and B0 ModeClass obje
ts entering the �tter. Combiningseveral de
ay modes into one �tting pro
ess is referred to as a simultaneous �t.Sin
e the amount of �tting parameters being managed by the �tter rises nearlylinearly with the number of mode obje
ts, their starting values need to be 
onstrainedwithin some reasonable limits, otherwise the �t might not 
onverge due to havingtoo mu
h freedom in the multi�dimensional parameter spa
e. In addition, reasonablestarting values have to be set. This is a
hieved by using the parameter values obtainedin the �ts to the individual de
ay modes (see se
tion 4.5) as starting values. The shapeparameters that were determined by means of binned �ts to Monte Carlo samples inthe �rst stage of the �tting pro
ess are still kept �xed. Figure 5.1 shows a diagramillustrating the fun
tional prin
iple of the simultaneous �t for the parameter estimationfor the relative bran
hing fra
tions.5.1.2 Results for B0 → D+(∗)D−(∗)
sThe out
omes of the simultaneous �t to the three B0 → D+(∗)D

−(∗)
s de
ay modes areshown in �gures D.4 � D.6, Appendix D. The �t yields the following values for fD∗D∗

s
,

fD∗

sD and fD∗

sD∗ :
Br (B0 → D+

s D
−∗)

Br (B0 → D+
s D

−)
=0.91± 0.14 (5.3)

Br (B0 → D+∗
s D−)

Br (B0 → D+
s D

−)
=1.12± 0.07 (5.4)
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Figure 5.1: S
heme of the simultaneous �t method for the parameter estimation ofrelative bran
hing fra
tions in Bs → D
+(∗)
s D

−(∗)
s and B0 → D+(∗)D

−(∗)
s de
ays. Theresults of the single 
hannel �ts are used to set parameter start values. The relativebran
hing fra
tions fD∗

sD, fD∗

sD∗ enter as �t parameters shared among the Bs modes,
fD∗

sDs
, fD∗

sD∗

s
and fD∗D∗

s
are shared among the B0 modes.
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Br (B0 → D+∗

s D−∗)

Br (B0 → D+
s D

−)
=2.94± 0.20 (5.5)Sin
e a thorough study of systemati
 un
ertainties has not been 
ondu
ted yet, thequoted un
ertainties in
orporate statisti
al un
ertainties and the un
ertainties stem-ming from the e�
ien
ies only. There are no errors due to bran
hing fra
tions sin
ethe mode spe
i�
 bran
hing fra
tions Br[Ds → φπ, φ→ KK], Br[Ds → K∗K,K∗ →

Kπ], Br[Ds → πππ] and Br[D → Kππ] 
an
el out.Comparison to PDGBased upon the absolute bran
hing fra
tions of B0 → D+(∗)D
−(∗)
s de
ays given in thePDG 2007 (partial update for 2008) [4℄, the following relative bran
hing fra
tions areobtained:

Br (B0 → D+
s D

−∗)

Br (B0 → D+
s D

−)
=1.23± 0.30 (5.6)

Br (B0 → D+∗
s D−)

Br (B0 → D+
s D

−)
=1.14± 0.34 (5.7)

Br (B0 → D+∗
s D−∗)

Br (B0 → D+
s D

−)
=2.72± 0.58 (5.8)Within the un
ertainties � whi
h are underestimated in this analysis be
ause sys-temati
 e�e
ts were not a

ounted for � this measurement agrees well with the PDG�gures.5.1.3 Results for Bs → D

+(∗)
s D

−(∗)
sThe following numbers for fD∗

sDs
and fD∗

sD∗

s
are obtained by performing a simultaneous�t to three out of the six studied Bs de
ay 
hannels (see �gures D.1 � D.3)

Br (Bs → D∗
sDs)

Br (Bs → DsDs)
=2.87± 0.52 (5.9)

Br (Bs → D∗
sD

∗
s)

Br (Bs → DsDs)
=3.44± 0.71 (5.10)Until time of writing there are no published results available whi
h the quoted results
ould be 
ompared with. As in the 
ase of B0 → D+(∗)D

−(∗)
s no study of systemati
un
ertainties has been performed in the 
ourse of this analysis.
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s ] 875.2 Measurement of Br[Bs → D+

s D
−
s ]5.2.1 MethodBefore dis
ussing the 
omputational te
hniques used for measuring Br[Bs → D+

s D
−
s ],the underlying formal 
ontext is brie�y outlined.Given the number of signal events N i

Bs
of a Bs → D+

s D
−
s → Φi de
ay, where Φi isa parti
ular �nal state, the bran
hing fra
tion Br[Bs → D+

s D
−
s ] is de�ned via

N i
Bs

= N tot
Bs
Br[Bs → D+

s D
−
s ]Br[D+

s D
−
s → Φi]ǫi, (5.11)where N tot

Bs
is the total number of produ
ed Bs mesons at the Tevatron, Br[D+

s D
−
s →

Φi] denotes the bran
hing fra
tion of the �nal state Φi and ǫi is the 
ombined re
on-stru
tion and sele
tion e�
ien
y extra
ted from Monte Carlo. However, to suppresssystemati
s the bran
hing fra
tion Br[Bs → D+
s D

−
s ] is measured via the ratio of

Br[Bs → D+
s D

−
s ] to the bran
hing fra
tion of another de
ay mode. In this analysis

B0 → D+D−
s is 
hosen as the normalization mode, where Br[B0 → D+

s D
−] is de�nedanalogously to (5.11):

N j

B0 = N tot
B0Br[B0 → D+

s D
−]Br[D+

s D
− → Φj ]ǫj . (5.12)Here again N tot

B0 is the total amount of generated B0 at the Tevatron and ǫj the
ombined re
onstru
tion and sele
tion e�
ien
y for the de
ay mode j. From (5.11)and (5.12) one derives that
N i

Bs
= f ij

Bs
N j

B0

Br[D+
s D

−
s → Φi]

Br[D+
s D

− → Φj ]
ǫij , (5.13)where ǫij = ǫi/ǫj. fBs

is de�ned by
fBs

=
fs

fd

Br[Bs → D+
s D

−
s ]

Br[B0 → D+
s D

−]
. (5.14)

fs/fd is the produ
tion ratio of s and d quarks, having the PDG [4℄ value fs/fd =
0.259± 0.038. Hen
e, evaluating equations (5.13) and (5.14) by inserting the numberof signal events N i

Bs
and N j

B0 allows to 
al
ulate Br[Bs → D+
s D

−
s ]. For this purpose,in addition the bran
hing fra
tion of B0 → D+

s D
− has to be known. In the PDG thefollowing value is quoted:

Br[B0 → D+
s D

−] = 0.0065± 0.0013 (5.15)The 
hoi
e whi
h of the studied de
ay modes to use for the 
al
ulation of fBs
inprin
iple is 
ompletely arbitrary. However, one prefers to 
ombine 
ertainBs → D+

s D
−
sand B0 → D+

s D
− de
ay modes in a su
h a way that systemati
 e�e
ts stemming from
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hing Fra
tionsthe sizable un
ertainties of the involved �nal state bran
hing fra
tions are minimized.The �nal state bran
hing fra
tions are taken from the PDG:
Br[D+

s → φπ
+

, φ→ K+K−] = 0.022± 0.0020 (5.16)
Br[D+

s → K0∗K
+

, K0∗ → K+π−] = 0.025± 0.005 (5.17)
Br[D+

s → π+π−π+] = 0.0124± 0.0020 (5.18)
Br[D+ → K+π−π+] = 0.0951± 0.0034 (5.19)By using only a parti
ular Bs de
ay mode i and a 
ertain B0 de
ay mode j, one of the�nal state bran
hing fra
tions 
an
els out. Using the �rst three out of the six studied

Bs → D+
s D

−
s modes and the three B0 → D+D−

s modes, these 
ombinations are indetail:
•N1

Bs
= f 11

Bs
N1

B0

Br[Ds → φπ]Br[Ds → φπ]

Br[D → Kππ]Br[Ds → φπ]
ǫ11 = f 11

Bs
N1

B0

Br[Ds → φπ]

Br[D → Kππ]
ǫ11

•N2
Bs

= f 22
Bs
N2

B0

Br[Ds → φπ]Br[Ds → K∗K]

Br[D → Kππ]Br[Ds → K∗K]
ǫ22 = f 22

Bs
N2

B0

Br[Ds → φπ]

Br[D → Kππ]
ǫ22

•N3
Bs

= f 33
Bs
N3

B0

Br[Ds → φπ]Br[Ds → πππ]

Br[D → Kππ]Br[Ds → πππ]
ǫ33 = f 33

Bs
N3

B0

Br[Ds → φπ]

Br[D → Kππ]
ǫ33

•N2
Bs

= f 21
Bs
N1

B0

Br[Ds → φπ]Br[Ds → K∗K]

Br[D → Kππ]Br[Ds → φπ]
ǫ21 = f 21

Bs
N1

B0

Br[Ds → K∗K]

Br[D → Kππ]
ǫ21

•N3
Bs

= f 31
Bs
N1

B0

Br[Ds → φπ]Br[Ds → πππ]

Br[D → Kππ]Br[Ds → φπ]
ǫ31 = f 31

Bs
N1

B0

Br[Ds → πππ]

Br[D → Kππ]
ǫ31Out of these 
ombinations, the smallest systemati
 un
ertainty originating from thebran
hing fra
tion term is introdu
ed by the �rst three formula. Considering the di�er-ent relative bran
hing fra
tion un
ertainties quoted in 5.16, the last two 
ombinationsare not preferable and not 
onsidered in the following steps.Simultaneous Fitting Pro
edureFollowing the prin
iple outlined in se
tion 5.1, a simultaneous �t is 
ondu
ted by merg-ing one �tter ModeClass obje
t Bi

s with one B0,j obje
t a

ording to the advantageous
ombinations where one of the two bran
hing fra
tions in
luded in Br[D+
s D

−
(s) → Φ(i)j ](equation (5.13)) is eliminated. This ne
essitates a slight modi�
ation of the log like-lihood fun
tion F i(~ai): In order to use fBs as a dire
t �t parameter, the number ofsignal events of a 
ertain Bs de
ay 
hannel i, N i

1, is repla
ed by the identity spe
i�edin (5.13). By doing so, the number of B0,j signal events N j

B0 is shared among ea
h
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Figure 5.2: S
heme of the simultaneous �t method for the parameter estimation of
fBs

. The results of the single 
hannel �ts are used for setting parameter start values.advantageous 
ombination of one Bs and one B0 mode 
lass obje
t. In addition, for
Bs mode 2 the parameters fD∗D∗

s
, fD∗

sD are shared with the respe
tive B0,j mode. Themethod is illustrated in �gure 5.2.The un
ertainties σbr of the bran
hing fra
tions involved are passed to the �tterby adding the Gaussian 
onstraints
(pbr − p̄br)

2

σ
2
pbr

(5.20)to the log likelihood fun
tion. Here pbr are the bran
hing fra
tion parameters. Bydoing so these parameters are varied a

ording to their systemati
 un
ertainties whilebeing strongly 
onstrained to their mean value.Individual Fit ResultsThe invariant mass plots resulting from the three simultaneous �ts are shown in �guresD.7(a) � D.9(b), Appendix D. The three measurements of fBs
yield the followingnumbers:

f 11
Bs

=0.46± 0.08(stat)± 0.04(Br) = 0.46± 0.09 (5.21)
f 22

Bs
=0.37± 0.11(stat)± 0.10(Br) = 0.37± 0.15 (5.22)

f 33
Bs

=0.32± 0.07(stat)± 0.10(Br) = 0.32± 0.12 (5.23)
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hing Fra
tionsThe individual un
ertainties were obtained by repeating the simultaneous �ts withthe bran
hing fra
tion un
ertainties set to zero. In the next se
tion, the values are
ombined to one single result for fBs
, �nally allowing for 
al
ulating Br[Bs → D+

s D
−
s ].5.2.2 Combined Bran
hing Fra
tion ResultThe results 
an be 
ombined rather easily sin
e Br[Ds → φπ]/Br[D → Kππ] enteringrelation (5.13) is a 
ommon fa
tor for all three 
ombinations and is thus 100% 
or-related. This 
orrelation has to be taken into a

ount when 
al
ulating a 
ombinedresult for fBs

.Averaging f 11
Bs
, f 22

Bs
and f 33

Bs
yields:

fBs
=
fs

fd

Br[Bs → D+
s D

−
s ]

Br[B0 → D+
s D

−]
= 0.42±0.05(Stat)±0.03(Br)±0.05(BrCorr) = 0.42±0.08

BrCorr denotes the un
ertainty due to the 
orrelation of bran
hing fra
tions. Thegiven value 
ompares to fBs
= 0.37+0.10

−0.08(Stat)
+0.03
−0.04(Syst) ± 0.01(Br) ± 0.05(BrCorr)measured in the former CDF analysis [3℄ where data 
orresponding to 355 pb−1 wereused. The e�e
t of the larger amount of statisti
s available for the given measurementis visible in the statisti
al un
ertainty. Using (5.14) one 
al
ulates:

Br[Bs → D+
s D

−
s ]

Br[B0 → D+
s D

−]
= 1.62± 0.19(stat)± 0.12(Br)± 0.19(BrCorr)± 0.24(fs/fd)

= 1.62± 0.38.Finally, inserting the PDG value for Br[B0 → D+
s D

−], the result for the bran
hingfra
tion of Bs → D+
s D

−
s reads:

Γ(D+
s D

−
s )

Γtotal

= Br[Bs → D+
s D

−
s ] = {10.5± 1.2(Stat)± 0.8(Br)± 1.2(BrCorr)

± 1.6(fs/fd)± 2.1(BrB0)} × 10−3

= (10.5± 3.2)× 10−3Albeit slightly higher, within the un
ertainties this result is in good agreement withthe measured bran
hing fra
tion Br[Bs → D+
s D

−
s ] = (9.4+4.4

−4.2)× 10−3 obtained in theprevious CDF measurement.Exploiting (3.25), the measured bran
hing fra
tion 
an be used to estimate a lowerbound for the CP width di�eren
e ∆ΓCP/Γ:
∆ΓCP

Γ
≥ 0.021± 0.006Assuming the Standard Model expe
tation ∆ΓCP/Γ = ∆Γ/Γ, this lower bound is inagreement with the theoreti
al expe
tation ∆Γ/Γ = 0.127± 0.024.
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hAs a 
ross 
he
k to the results presented so far an additional possibility that allows thedetermination of the relative bran
hing fra
tion fBs

by means of a single measurementis presented. Before outlining the slightly di�erent ansatz, it is stressed that themethod needs further re�nement sin
e not all aspe
ts were studied su�
iently. Thesewill be pointed out in the 
ourse of this se
tion.The approa
h is based on the same formal 
ontext initially set up in se
tion 5.2.1.There, equation (5.13),
N i

Bs
= f ij

Bs
N j

B0

Br[D+
s D

−
s → Φi]

Br[D+
s D

− → Φj ]
ǫij ,served as the starting point for the measurement of fBs
by using it as a dire
t �ttingparameter in a simultaneous �t. However, for obtaining one �nal �gure for fBs

the dif-ferent results from several simultaneous �ts using di�erent 
ombinations of ModeClassobje
ts (or de
ay modes) need to be 
ombined. Therefore, performing one single simul-taneous �t using all six modes involved at the same time would be more 
onvenient.Using (5.13) this intention fails due the fa
t that the mode spe
i�
 parameter N j

B0inherently 
an not be shared among the B0 modes. This restri
tion 
an be resolvedeasily by repla
ing the parameter N j
1 in ea
h log likelihood fun
tion F j(~bj) by theidentity (5.12), resulting in

N j

B0 = N tot
B0Br[B0 → D+

s D
−]Br[D+

s D
− → Φj ]ǫj .As a next step, this is inserted into equation (5.13), giving rise to

N i
Bs

= fBs
N tot

B0Br[B0 → D+
s D

−]Br[D+
s D

− → Φj ]ǫi. (5.24)Instead of (5.12) this identity now is used to express the parameter N i
1 in F i(~ai). Byusing the modi�ed �t fun
tions F̃ i(~ai) and F̃ j(~bj) as an ansatz for the �tting pro
ess,one is allowed to simultaneously pass all three relevant Bs and B0 modes into one�tter, whereas the parameter fBs

is shared among the Bs modes and N tot
B0 among allsix mode obje
ts. In addition, the parameters fD∗

sDs
, fD∗

sD∗

s
, fD∗D∗

s
, fD∗

sD and fD∗

sD∗again are shared among their respe
tive mode 
lass obje
ts in order to test the validityof this method. For all the parameters the results from the 
ombined Bs and B0 �tsrespe
tively were used as start values and again some reasonable limits were set. Theprin
iple of this global simultaneous �t method is shown in a graphi
al way in �gure5.3.As mentioned at the beginning of this se
tion, there are however some issues thatneed to be 
onsidered. First of all, the bene�t one gains from more statisti
s inthe global simultaneous �t is damped by the fa
t that in addition to the advantageous
ombinations of the de
ay modes (see se
tion 5.2.1) also disadvantageous 
ombinationsare added, leading to a larger systemati
 error due to bran
hing fra
tion un
ertainties.In addition, the pool of parameters might hold 
orrelations that need to be a

ounted
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Figure 5.3: S
heme of the alternative simultaneous �t method for parameter estimationof fBs
. Three Bs and three B0 modes are simultaneously 
ombined and �tted. Theresults of the respe
tive Bs and B0 simultaneous �ts are used for setting start valuesof the parameters whi
h are allowed to �oat within reasonable limits.
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orrelations 
ould introdu
e a statisti
al bias of the �nal result for

fBs
. Therefore, instead of simple Gaussian 
onstraints (equation (5.20)) the term

(p− p̄)TV(p− p̄), (5.25)with the 
orrelation matrix V and the ve
tors of 
onstrained parameters p, needs tobe added to the overall log likelihood fun
tion. This has not been implemented yet,therefore the result presented in the next se
tion should be seen as a 
ross 
he
k onthe measurement of fBs
only.Global Simultaneous Fit ResultThe six invariant mass spe
tra resulting from the simultaneous �t are shown in �guresD.10(a) � D.12(b). The �t results for the relative bran
hing fra
tions
Br (B0 → DsD

∗)

Br (B0 → DsD)
=0.91± 0.14 (5.26)

Br (B0 → D∗
sD)

Br (B0 → DsD)
=1.17± 0.07 (5.27)

Br (B0 → D∗
sD

∗)

Br (B0 → DsD)
=2.94± 0.19 (5.28)

Br (Bs → D∗
sDs)

Br (Bs → DsDs)
=2.81± 0.48 (5.29)

Br (Bs → D∗
sD

∗
s)

Br (Bs → DsDs)
=3.53± 0.67 (5.30)show a good agreement with the �gures from equations (5.3) � (5.5), (5.9) and (5.10).Considering the fa
t that fD∗D∗

s
, fD∗

sD and fD∗

sD∗ are not only shared among all the B0modes but in addition are shared with Bs de
ay mode 2 to a

ount for the re�e
tionfrom B0 de
ay mode 1, the 
onsisten
y of the quoted numbers 
an be seen as anindi
ator for the general �t model to be valid.Furthermore, the measurement of fBs
resulting from this alternative approa
hyields:

fBs
=0.42± 0.08. (5.31)This result exa
tly reprodu
es the 
ombined result 
al
ulated in se
tion 5.2.2. Thisis, however, no big surprise sin
e essentially the same input information is exploited
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hing Fra
tionsin a slightly di�ering manner. Looking at the 
ombined un
ertainty, it seems thatthe bene�t from more statsti
s is 
ompensated by the larger systemati
 un
ertaintiesstemming from the disadvantageous 
ombinations where none of the Ds bran
hingfra
tions 
an
els out.In spite of the 
on
erns that have been outlined before, the global simultaneous�t method for the simultaneous determination of bran
hing fra
tions 
ould be aninteresting alternative to the method presented in se
tion 5.2.2 if some improvements tothe �t model are introdu
ed that a

ount for deli
ate e�e
ts whi
h were not a

ountedfor so far, like 
orrelations between input parameters for instan
e.



Chapter 6Con
lusion and OutlookHeavy �avor physi
s, parti
ular when it 
omes to mesons 
ontaining bottom quarks,
urrently is a notable arena of e�orts in the �eld of parti
le physi
s. Studies of the phe-nomenology of B meson de
ay and mixing give important insights into the me
hanismsof weak intera
tion in the Standard Model, and in addition provide the opportunity tosear
h for new physi
s beyond the 
urrent 
ommonly a

epted theoreti
al framework.Sin
e CP violation is predi
ted to vanish in the Bs�B̄s system, eviden
e for a sizeableCP�violating phase in Bs�B̄s mixing would 
learly indi
ate new physi
s beyond theStandard Model.Knowledge of the bran
hing fra
tion of the de
ay Bs → D+
s D

−
s provides an im-portant input to make inferen
es to this topi
. First of all, this de
ay is believed topla
e the main 
ontribution to the de
ay width di�eren
e in the Bs system whi
h istheoreti
ally predi
ted to be sizable. Moreover, the �nal state D+

s D
−
s is a purely eveneigenstate of CP, allowing to dire
tly relate the bran
hing fra
tion to the CP widthdi�eren
e in the Bs system. Measuring the CP width di�eren
e alone might not delivereviden
e for a sizable CP violating phase in Bs�B̄s, however it 
an be regarded as animportant parameter to narrow down possible s
enarios.The goal of this thesis was to provide a new measurement of the bran
hing fra
tion

Br[Bs → D+
s D

−
s ], based on data 
orresponding to 1.7 fb−1 provided by the CDF�IIexperiment at Fermilab. The �rst step 
omprised the optimization of the sele
tionof ex
lusively re
onstru
ted Bs signal events in Bs → D+

s D
−
s de
ay modes with the

Ds meson de
aying into φπ, K∗0K and πππ. For signal sele
tion arti�
ial neuralnetworks were applied whi
h provide a powerful tool for this task sin
e the information
ontained in the input variables are mapped onto a single dis
riminating variable. Indoing so, additionally 
orrelations between variables are taken into a

ount. Observedsignal yields were obtained by performing �ts to the invariant mass spe
tra of ea
hstudied 
hannel by means of the extended unbinned maximum likelihood method.For all �tting pro
edures the �tter framework was utilized throughout this analysis.The �tter framework is a spe
ial software environment providing a �exible stru
turesuitable for di�erent types of �t methods.The bran
hing fra
tion was not measured dire
tly but via the ratio Br[Bs →
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lusion and Outlook
D+

s D
−
s ]/Br[B0 → D+

s D
−]. For this, in addition three hadroni
 de
ay modes of thede
ay B0 → D+

s D
− have been analyzed. Exploiting a 
ertain feature of the �tterframework that allows to 
ombine several de
ay modes within one �tting pro
ess,whi
h is then 
alled simultaneous �t, two 
ongeneri
 methods for determiningBr[Bs →

D+
s D

−
s ]/Br[B0 → D+

s D
−] were developed and applied. At this stage of the analysisnot all studied Bs modes were a

ounted for: The three de
ay modes where there is no

φπ in the �nal state were omitted sin
e the applied �t model failed in des
ribing datasu�
iently. This is be
ause these modes 
omprise a mixture of di�erent re�e
tionsoriginating from the misre
onstru
tion of similar meson de
ays.By performing a simultaneous �t for ea
h of the 
ombinations [Bs → Ds(φπ)Ds(φπ),
B0 → Ds(φπ)D(Kππ)℄, [Bs → Ds(φπ)Ds(K

0∗K), B0 → Ds(K
0∗K)D(Kππ)℄ and[Bs → Ds(φπ)Ds(πππ), B0 → Ds(πππ)D(Kππ)℄ and averaging the three results, thefollowing value for the bran
hing fra
tion of Bs → D+

s D
−
s was obtained:

Br[Bs → D+
s D

−
s ] = {10.5± 1.2(Stat)± 0.8(Br)± 1.2(BrCorr)

± 1.6(fs/fd)± 2.1(BrB0)} × 10−3

= (10.5± 3.2)× 10−3This measurement is in good agreement with the result (9.4+4.4
−4.2) × 10−3 obtainedin a former CDF measurement whi
h used 355 pb−1 of data [3℄.The un
ertainties quoted in this thesis 
omprise statisti
al errors and systemati
un
ertainties stemming from bran
hing fra
tions only. The small un
ertainties intro-du
ed by the 
ombined re
onstru
tion and sele
tion e�
ien
ies are in
luded in thestatisti
al error. It 
an be seen that un
ertainties originating from bran
hing fra
tionsand the quark produ
tion ratio fs/fd still pla
e a large 
ontribution to the overallun
ertainty whi
h is not signi�
antly smaller 
ompared to the former measurement.As a byprodu
t of the appli
ation of the simultaneous �t method the relativebran
hing fra
tions of di�erent 
ombinations of ex
ited D∗

(s) meson �nal states withrespe
t to the ground states were measured. The results for the di�erent 
ombinationsof Br[B0 → D
(∗)+
s D(∗)−]/Br[B0 → D+

s D
−] agree well with the values published by theParti
le Data Group [4℄. The measurement of Br[Bs → D

(∗)+
s D

(∗)−
s ]/Br[Bs → D+

s D
−
s ]represents the �rst of this kind in the Bs system. The results obtained throughoutthis analysis are

Br (Bs → D+∗
s D−

s )

Br (Bs → D+
s D

−
s )

=2.87± 0.52

Br (Bs → D+∗
s D−∗

s )

Br (Bs → D+
s D

−
s )

=3.44± 0.71

Br (B0 → D+
s D

−∗)

Br (B0 → D+
s D

−)
=0.91± 0.14
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Br (B0 → D+∗

s D−)

Br (B0 → D+
s D

−)
=1.12± 0.07

Br (B0 → D+∗
s D−∗)

Br (B0 → D+
s D

−)
=2.94± 0.20Adding up the relative bran
hing fra
tions of the B0 de
ays where one of thetwo D(s) mesons is ex
ited allows a rough 
omparison between the relative bran
hingfra
tions in the Bs and B0 se
tor. Albeit shifted to some higher values, within thelarge un
ertainties the relative bran
hing fra
tions Br[Bs → D∗

sD
(∗)
s ]/Br[Bs → DsDs]are very similar to those in B0 → D

(∗)
s D(∗) de
ays.There are several possibilities and opportunities to advan
e the measurement of

Br[Bs → D+
s D

−
s ] in the future. First, with up to 4 fb−1 of CDF data on tape thea

ura
y of a future analysis will signi�
antly bene�t from the ex
ess of statisti
s. Inaddition, a thorough understanding of all re�e
tions and 
rosstalks o

urring in there
onstru
tion of B0 → D+

s D
−
s de
ays would allow to develop a more pre
ise �t model,parti
ularly for the three de
ay modes that were omitted in this analysis. In
orpo-rating these �nal states into a measurement of Br[B0 → D+

s D
−
s ] would provide someadditional statisti
s. Furthermore, a possibility to 
orre
tly a

ount for 
orrelationsof the input parameters in the �t model was brie�y outlined in Chapter 5 already.Moreover, sin
e using the de
ay B0 → D+

s D
− introdu
es the additional systemati
un
ertainty stemming from the quark produ
tion ratio fs/fd, it is worth 
onsideringto prefer a di�erent normalization 
hannel for obtaining Br[Bs → D+

s D
−
s ] by a relativebran
hing fra
tion measurement. The bran
hing fra
tions of the de
ays Bs → Dsπ or

Bs → πππ are possible 
andidates for this task.Finally, the presented methods utilizing simultaneous �tting pro
edures 
ould bemodi�ed to dire
tly measure the in
lusive bran
hing fra
tion Br[Bs → D
(∗)+
s D

(∗)−
s ]by using this quantity as a �t parameter in a simultaneous �t. Provided that a morepre
ise understanding of the CP 
ontent of these ex
ited �nal states is a
hieved infuture studies, a measurement of Br[Bs → D

(∗)+
s D

(∗)−
s ] 
ould be used to provide for abetter estimation of the CP de
ay width di�eren
e in the Bs�B̄s system.





Appendix ADe�nition of Variables
Lxy (P ) De
ay length of parti
le P
σLxy

(P ) Error of the de
ay length of parti
le P
Lxy/σLxy

(P ) Signi�
an
e of the de
ay length of parti
le P
Lxy (P ← C) De
ay length of 
hild parti
le C with respe
t to parent Parti
le P
|d0| (P ) Absolute value of the impa
t parameter of parti
le P
d0/σd0

(P ) Impa
t parameter signi�
an
e of parti
le Pmin d0/σd0
Minimum of the impa
t parameter signi�
an
es of all parti
le tra
ks inthe �nal state

dlts
0 /σd0

(P ) Lifetime signed impa
t parameter of parti
le Pmin d0 (Cn
P ) Minimum of the impa
t parameters of the n 
hild parti
les Cn beingde
ay produ
ts of parent parti
le Pmax d0 (Cn
P ) Maximum of the impa
t parameters of the n �nal state parti
les Cnbeing de
ay produ
ts of parent parti
le P

χ2
3D (P ) Three dimensional χ2 of the vertex �t for parti
le P
χ2

rφ (P ) Two dimensional χ2 of the vertex �t for parti
le P
pt (P ) Transverse Momentum of Parti
le Pmin(pt) Minimum of the transverse momenta of all parti
le tra
ks



100 Appendix A. De�nition of Variablesm(P ) Invariant mass of parti
le Pm
Ci

P
,C

j
P

Invariant mass of the four momenta of 
hild parti
les Ci,j being de
ay prod-u
ts of parent parti
le Pmin(m
Ci

P
,C

j
P
, m

C
j
P

,Ck
P

) Minimum of the two invariant masses m
Ci

P
,C

j
P
and m

C
j
P

,Ck
Pmax(m

Ci
P

,C
j
P
, m

C
j
P

,Ck
P

) Maximum of the two invariant masses m
Ci

P
,C

j
P
and m

C
j
P

,Ck
P

θhel (C
i
P ) Cosine of the heli
ity angle between the three momentum of the parentparti
le P and the three momentum of the ith 
hild parti
le CiPID.RF (Ci

P ) Parti
le Identi�
ation Variable: Likelihood ratio for the identi�
ation ofthe �nal state parti
le F given for the 
hild parti
le C 
oming from the parent parti
le
PPID.pullTofF (Ci

P ) Parti
le Identi�
ation Variable: Pull to the likelihood ratio forthe identi�
ation of the �nal state parti
le F given for the 
hild parti
le C 
omingfrom the parent parti
le P
q (Ci

P ) Ele
tri
al 
harge of the ith 
hild parti
le C 
oming from the parent parti-
le P

~d0

Primary Vertex

~p (Bs)

~p (track)

Figure A.1: De�nition of the lifetime signed impa
t parameter for a tra
k re
onstru
tedto 
ome from a Bs de
ay: dlts
0 =

∣

∣

∣

~d0

∣

∣

∣
signum(~d0 · ~p (Bs)

).
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102 Appendix B. Compilation of Neural Network Training Results
Bs De
ay Mode 1: Bs → Ds (φπ)Ds (φπ) , φ→ KKRank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(D2

s) 349.27 82 Lxy/σLxy
(Bs) 104.68 23 PID.Rπ(K2

φ2) 83.52 244 χ2

rφ(Bs) 57.52 45 |d0(Bs)| 45.84 36 min(pt) 37.17 267 θhel(K
1

D2
s

) 33.56 218 PID.RK(K1

φ2) 30.05 229 m(φD2
s
) 28.38 1110 Lxy/σLxy
(D1

s) 25.38 611 min(d0/σd0
) 18.79 2712 PID.RK(πD2

s
) 17.16 1713 ∣

∣d0(D
2

s)
∣

∣ 16.41 914 θhel(K
1

D1
s

) 15.93 1815 χ2

3D(Bs) 14.01 516 m(φ1) 13.24 1017 χ2

3D(D1

s) 13.16 718 dlts
0

/σd0
(πD2

s
) 12.57 1619 χ2

3D(φD2
s
) 12.10 1320 Lxy(D

2

s ← φ2) 11.56 2521 ∣

∣d0(πD2
s
)
∣

∣ 11.43 1522 PID.RK(πD1
s
) 11.26 1423 dlts

0
/σd0

(K1

φ2) 10.32 2024 PID.RK(K2

φ1) 10.16 1925 PID.pullTofπ(K1

φ2) 8.78 2326 Lxy/σLxy
(φD2

s
) 8.54 12Table B.1: The input variables of the Bs → D1

s(φ
1π)D2

s(φ
2π) network. K1,2 denotesthe �rst or se
ond kaon from a φ meson de
ay. See Appendix A for variable de�nitions.
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Figure B.1: Correlation matrix of the input variables used for the de
ay Bs →
Ds (φπ)Ds (φπ).
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(b) Network 
lassi�
ation of training data.Figure B.2: Two of the training graphs indi
ating the performan
e of the networktrained for the 
hannel Bs→ Ds (φπ)Ds (φπ).
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Bs De
ay Mode 2: Bs → Ds (φπ)Ds (K0∗K) , φ→ KK,K0∗ → KπRank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(Bs) 371.41 22 χ2

rφ (Bs) 113.41 43 Lxy/σLxy

(

D1

s

)

90.33 74 |d0 (Bs)| 61.70 45 dlts
0

/σd0

(

KD2
s

)

47.75 176 PID.RK

(

K2

φ1

)

43.51 207 θhel (πK0∗) 36.58 258 min(pt) 36.09 289 PID.RK (KK0∗) 30.96 2210 θhel

(

K1

φ

)

29.28 1811 m(φ) 28.08 1212 min(d0/σd0

)

26.52 2913 pt

(

KD2
s

)

19.28 1614 χ2

3D (Bs) 18.08 615 Lxy/σLxy

(

D2

s

)

16.13 916 PID.RK

(

K1

φ

)

15.68 1917 PID.RK (πK0∗) 15.52 2618 |d0 (KK0∗)| 15.51 2119 pt (πK0∗) 14.04 2320 Lxy

(

Bs ← D2

s

)

13.70 2321 m(K0∗
)

11.45 1522 dlts
0

/σd0
(πK0∗) 10.90 2423 pt (Bs) 10.46 524 ∣

∣d0

(

D2

s

)∣

∣ 9.49 1025 χ2

3D (φ) 8.23 1426 Lxy/σLxy
(φ) 8.13 1327 χ2

rφ

(

D1

s

)

5.21 828 χ2

3D (φ) 5.30 11Table B.2: The input variables of the Bs → D1
s (→ φπ)D2

s (→ K0∗K) network. SeeAppendix A for variable de�nitions.
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Figure B.3: Correlation matrix of the input variables used for the de
ay Bs →
Ds (φπ)Ds (K0∗K).
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(b) Network 
lassi�
ation of training dataFigure B.4: Training graphs indi
ating the performan
e of the network trained for the
hannel Bs→ Ds (φπ)Ds (K0∗K).
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Bs De
ay Mode 3: Bs → Ds (φπ)Ds (πππ) , φ→ KKRank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(Bs) 309.99 22 χ2

3D(Bs) 114.24 53 Lxy/σLxy
(D2

s) 84.57 84 pt(D
1

s) 69.93 75 |d0(Bs)| 67.03 36 Lxy(Bs ← D2

s) 54.62 237 pt(D
2

s) 50.98 108 Lxy/σLxy
(D1

s) 49.47 69 PID.RK(K2

φ) 47.69 2110 min(d0/σd0
) 37.14 2511 θhel(K

1

φ) 34.39 1812 max(mπ1π2 , mπ2π3) 33.08 2913 m(φ) 32.74 1114 PID.RK(π1

D2
s

) 31.50 1515 PID.RK(K1

φ1) 29.06 1916 PID.Rπ(π3

D2
s

) 28.06 1717 χ2

rφ(Bs) 25.24 418 Lxy(Bs ← D1

s) 24.43 2219 PID.RK(π2

D2
s

) 22.96 1620 ∣

∣d0(D
2

s)
∣

∣ 21.36 921 min(mπ1π2 , mπ2π3) 19.89 2722 χ2

3D(φ) 17.47 1323 min(pt) 16.30 2424 mπ1π3 15.82 3025 PID.Rπ(πD1
s
) 14.37 1426 m(D2

s) 14.13 3127 Lxy/σLxy
(φD1

s
) 11.72 1228 PID.pullTofπ(K1

φ1) 9.47 2029 max d0(π1,2,3

D2
s

) 7.07 2830 min d0(π1,2,3

D2
s

) 4.63 26Table B.3: Input variables of the Bs→ D1
s(φπ)D2

s(π
1π2π3) network
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Figure B.5: Correlation matrix of the input variables used for the de
ay Bs →
Ds (φπ)Ds (πππ).

Network output
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

p
u

ri
ty

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

(a) Purity over network output Network output
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

ev
en

ts

210

310

410

Upper sideband (Data)

Signal (Monte Carlo)

(b) Network 
lassi�
ation of training dataFigure B.6: Training graphs indi
ating the performan
e of the network trained for the
hannel Bs→ Ds (φπ)Ds (πππ).
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Bs De
ay Mode 4: Bs → Ds (K0∗K)Ds (K0∗K) , K0∗ → KπRank Name Signi�
an
e [σ℄ Index- Target - 11 χ2

rφ (Bs) 219.59 42 pt

(

D2

s

)

120.12 93 dlts
0

/σd0

(

KD2
s

)

77.67 184 min(d0/σd0

)

50.50 315 θhel (πK0∗,1) 37.05 266 PID.RK (KK0∗) 34.08 217 θhel (πK0∗,2) 31.83 238 Lxy

(

Bs ← D2

s

)

29.34 299 Lxy/σLxy
(Bs) 28.36 210 χ2

3D (Bs) 24.28 511 Lxy/σLxy

(

D1

s

)

23.47 612 Lxy

(

Bs ← D1

s

)

21.80 2813 θhel

(

KD2
s

)

20.62 1914 |d0 (Bs)| 18.28 315 Lxy

(

D2

s ← K0∗,2
)

17.02 3016 dlts
0

/σd0

(

KD1
s

)

15.25 1617 PID.pullTofπ

(

KD2
s

)

15.05 2018 pt

(

D1

s

)

14.55 719 Lxy/σLxy

(

D2

s

)

13.68 820 PID.RK

(

KD1
s

)

13.52 1721 mK0∗,2 11.94 1322 pt

(

K0∗,2
)

11.19 1523 ∣

∣d0

(

K0∗,1
)∣

∣ 10.95 1224 PID.RK (πK0∗,1) 11.14 2725 PID.RK (KK0∗,1) 10.06 2426 Lxy/σLxy

(

K0∗,2
)

9.63 1427 mD2
s

9.63 1028 mK0∗,1 9.63 1129 min(pt) 9.34 3130 PID.pullTofK

(

K0∗,22
)

8.45 2231 pt (πK0∗) 8.13 25Table B.4: Input variables of the Bs→ D1
s (K0∗,1K)D2

s (K0∗,2K) network.
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Figure B.7: Correlation matrix of the input variables used for the de
ay Bs →
Ds (K0∗K)Ds (K0∗K).
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e of the network trained for the
hannel Bs→ Ds (K0∗K)Ds (K0∗K).
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Bs De
ay Mode 5: Bs → Ds (K0∗K)Ds (πππ) , K0∗ → KπRank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(

D2

s

)

143.86 92 pt

(

D1

s

)

98.67 83 χ2

3D (Bs) 85.77 64 min (d0/σd0

)

47.56 285 |d0 (Bs)| 42.50 36 Lxy

(

Bs ← D1

s

)

33.89 257 Lxy

(

Bs ← D2

s

)

32.31 268 θhel

(

KD1
s

)

29.91 149 θhel (πK0∗,1) 29.19 1910 pt

(

D2

s

)

26.83 1011 Lxy/σLxy

(

D1

s

)

25.68 712 PID.RK (KK0∗,1) 23.96 1813 max(mπ1π2 , mπ2π3) 21.79 3014 χ2

rφ (Bs) 20.40 415 PID.Rπ

(

π3
)

18.74 2416 min(mπ1π2 , mπ2π3) 18.46 2917 PID.RK

(

π1
)

17.13 2118 Lxy/σLxy
(Bs) 16.07 219 Lxy

(

D1

s ← K0∗
)

14.84 2720 PID.RK

(

KD
s
1

)

15.53 1521 dlts
0

/σd0

(

KD1
s

)

13.86 1322 PID.RK

(

π2
)

13.36 2223 mK0∗ 12.74 1124 mπ1π3 12.27 3125 PID.RK (πK∗0) 11.98 2026 PID.pullTofK

(

KD1
s

)

11.82 1627 pt

(

KD1
s

)

7.37 1228 pt (Bs) 6.91 529 pt

(

π3
)

8.13 2330 mD2
s

7.61 3231 θhel (πK0∗) 7.40 1932 |d0 (KK0∗)| 5.74 17Table B.5: Input variables of the Bs→ D1
s (K0∗K)D2

s (π1π2π3) network.
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Figure B.9: Correlation matrix of the input variables used for the de
ay Bs →
Ds (K0∗K)Ds (πππ).
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ation of training dataFigure B.10: Training graphs indi
ating the performan
e of the network trained forthe 
hannel Bs→ Ds (K0∗K)Ds (πππ).



112 Appendix B. Compilation of Neural Network Training Results
Bs De
ay Mode 6: Bs → Ds (πππ)Ds (πππ)Rank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(

D2

s

)

132.78 82 χ2

3D (φBs
) 69.19 53 min d0/σd0

46.54 234 |d0 (Bs)| 36.30 37 Lxy

(

Bs ← D1

s

)

27.64 215 pt

(

D2

s

)

27.58 106 Lxy/σLxy

(

D1

s

)

26.50 68 max(mπ1π2 , mπ2π3) D1
s

20.34 309 PID.Rπ

(

π1

D1
s

)

19.72 1210 Lxy

(

Bs ← D2

s

)

15.85 2211 Lxy/σLxy
(Bs) 17.32 212 mπ1π2

(

D2

s

)

16.06 2513 mπ2π3

(

D2

s

)

14.96 2714 PID.Rπ

(

π3

D2
s

)

14.95 2015 min(mπ1π2 , mπ2π3) D1
s

14.46 2917 mD1
s

14.33 3218 PID.RK

(

π2

D1
s

)

13.71 1316 mD2
s

13.03 2819 PID.Rπ

(

π1

D2
s

)

13.13 1720 mπ1π3

(

D2

s

)

12.67 2621 PID.Rπ

(

π3

D1
s

)

11.68 1522 mπ1π3

(

D1

s

)

10.30 3123 pt

(

π3

D1
s

)

10.27 1424 χ2

rφ

(

D2

s

)

9.68 925 θhel

(

π1

D2
s

)

9.27 1626 PID.Rπ

(

π2

D2
s

)

9.26 1827 ∣

∣d0

(

D1

s

)∣

∣ 6.13 728 χ2

rφ (Bs) 6.06 429 max d0
(

πD2
s

)

5.10 2430 dlts
0

/σd0

(

π3

D2
s

)

4.26 1931 ctD2
s

4.22 11Table B.6: Input variables of the Bs→ D1
s (π1π2π3)D2

s (→ π1π2π3) network.
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Figure B.11: Correlation matrix of the input variables used for the de
ay Bs →
Ds (πππ)Ds (πππ).
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ating the performan
e of the network trained forthe 
hannel Bs→ Ds (πππ)Ds (πππ).



114 Appendix B. Compilation of Neural Network Training Results
B0 De
ay Mode 1: B0 → D (Kππ)Ds (φπ)Rank Name Signi�
an
e [σ℄ Index- Target - 11 Lxy/σLxy

(B) 311.90 22 χ2

rφ (B) 178.55 53 min(pt) 130.23 274 min(d0/σd0

)

86.02 285 |d0 (B)| 68.71 36 pt (Ds) 55.09 87 Lxy/σLxy
(D) 55.21 98 PID.RK

(

K2

φ

)

47.55 209 Lxy (B ← Ds) 37.42 2410 m(φ) 35.98 1211 pt (D) 35.50 1112 θhel

(

K1

φ

)

43.05 1813 χ2

rφ (B) 28.90 414 PID.RK

(

π1

D

)

24.91 2115 Lxy (B ← D) 22.97 2516 PID.RK

(

K1

φ

)

22.08 1917 PID.RK

(

π2

D

)

17.17 2318 χ2

3D (D) 13.30 1019 |d0 (KD)| 11.50 1720 pt

(

π2

D

)

10.93 2221 χ2

3D (Ds) 10.29 722 Lxy (Ds ← φ) 9.90 2623 θhel (πDs
) 8.99 1524 pt (KD) 8.99 1625 χ2

rφ (φ) 6.99 1326 Lxy/σLxy
(Ds) 5.59 627 dlts

0
/σd0

(πDs
) 4.46 14Table B.7: Input variables of the B0 → D (Kπ1π2)Ds (φπ) network.
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Figure B.13: Correlation matrix of the input variables used for the de
ay B0 →
D (Kππ)Ds (φπ).
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e of the network trained forthe 
hannel B0 → D (Kππ)Ds (φφ).
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B0 De
ay Mode 2: B0 → D (Kππ)Ds (K0∗K)Rank Name Signi�
an
e [σ℄ Index- Target - 11 χ2

rφ (B) 191.10 42 Lxy/σLxy
(D) 92.30 103 pt (Ds) 78.08 94 dlts

0
/σd0

(KDs
) 51.21 155 |d0 (B)| 37.45 36 θhel (πK0∗) 31.08 227 Lxy/σLxy

(B) 27.22 28 Lxy (B ← D) 28.12 299 pt (B) 25.82 610 PID.RK

(

K1

K0∗

)

22.89 2011 min(d0/σd0

)

21.00 3112 pt (KD) 17.02 1713 θhel (KDs
) 15.58 1614 PID.Rπ

(

π1

D

)

13.41 2515 m(K0∗
)

12.38 1216 PID.RK

(

π2

D

)

10.90 2817 pt (B) 11.28 518 PID.RK (πK0∗) 9.90 2319 pt

(

π1

D

)

9.39 2420 Lxy/σLxy
(Ds) 9.51 721 pt

(

K0∗
)

8.55 1422 |d0 (KK0∗)| 8.78 1923 |d0 (πK0∗)| 8.42 2124 χ2

3D (D) 7.26 1125 χ2

3D (Ds) 7.60 826 ∣

∣d0

(

π2

D

)∣

∣ 7.32 2627 Lxy/σLxy

(

K0∗
)

6.49 1328 Lxy

(

Ds ← K0∗
)

5.48 3029 |d0 (KD)| 4.30 1830 dlts
0

/σd0

(

π2

D

)

2.78 27Table B.8: Input variables of the B0 → D (Kπ1π2)Ds (K0∗K) network.
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Figure B.15: Correlation matrix of the input variables used for the de
ay B0 →
D (Kππ)Ds (K0∗).
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ating the performan
e of the network trained forthe 
hannel B0 → D (Kππ)Ds (K0∗).
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B0 De
ay Mode 3: B0 → D (Kππ)Ds (πππ)Rank Name Signi�
an
e [σ℄ Index- Target - 11 χ2

3D (B) 176.20 62 min(d0/σd0

)

107.33 253 Lxy/σLxy
(Ds) 56.14 74 pt (D) 50.12 125 |d0 (B)| 41.16 36 Lxy/σLxy
(D) 31.04 107 pt (Ds) 27.38 88 max(mπ1π2 , mπ2π3) 24.66 289 χ2

rφ (B) 23.10 410 Lxy (B ← Ds) 20.60 911 PID.Rπ

(

π1

Ds

)

15.93 1512 min(mπ1π2 , mπ2π3) 15.68 2613 m2(Ds) 11.11 3014 PID.Rπ

(

π3

Ds

)

11.00 1915 Lxy/σLxy
(B) 10.99 216 Lxy (B ← D) 10.74 1317 PID.Rπ

(

π2

Ds

)

10.50 1618 PID.Rπ

(

π1

D

)

9.97 2219 mπ1π3 9.59 2920 θhel

(

π1

Ds

)

8.92 1421 max(d0 (πDs
)
)

7.65 2722 pt

(

KD
)

7.40 2023 PID.Rπ

(

π2

D

)

7.20 2324 pt (B) 6.88 525 dlts
0

/σd0

(

π3

Ds

)

6.00 1726 χ2

3D (D) 5.63 1127 |d0 (KD)| 5.34 2128 min(pt) 4.83 2429 θhel

(

π3

Ds

)

4.47 18Table B.9: Input variables of the B0 → D (Kπ1π2)Ds (π1π2π3) network.
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Figure B.17: Correlation matrix of the input variables used for the de
ay B0 →
D (Kππ)Ds (πππ).
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e of the network trained forthe 
hannel B0 → D (Kππ)Ds (πππ).





Appendix CCompilation of MC Fit Templates
C.1 Templates for Bs → Ds(φπ)Ds(φπ)
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ay Bs → Ds(φπ)Ds(φπ): signal (left), partiallyre
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ted modes (middle and right).



122 Appendix C. Compilation of MC Fit TemplatesC.2 Templates for Bs → Ds(φπ)Ds(K
∗K)
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ay Bs → Ds(φπ)Ds(K

∗K): signal, partiallyre
onstru
ted modes, re�e
tion modes (from left to right and top to bottom).



C.3. Templates for Bs → Ds(φπ)Ds(πππ) 123C.3 Templates for Bs → Ds(φπ)Ds(πππ)
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) Bs → D∗
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s(πππ)Figure C.3: MC �t templates for the de
ay Bs → Ds(φπ)Ds(πππ): signal (left),partially re
onstru
ted modes (middle and right).C.4 Templates for Bs → Ds(K
∗K)Ds(K

∗K)
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ay Bs → Ds(K

∗K)Ds(K
∗K): signal (left),partially re
onstru
ted modes (middle and right).
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∗K)Ds(πππ)
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ay Bs → Ds(K
∗K)Ds(πππ): signal (left),partially re
onstru
ted modes (middle and right).C.6 Templates for Bs → Ds(πππ)Ds(πππ)
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ay Bs → Ds(πππ)Ds(πππ): signal (left),partially re
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(d) B0 → D∗
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D.1 Simultaneous Mass Fit for the fD∗sDs and fD∗sD∗sMeasurement
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Figure D.2: Result of the simultaneous Bs mass �t for the de
ay Bs →
Ds (→ φπ)Ds (→ K∗K).
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Figure D.3: Result of the simultaneous Bs mass �t for the de
ay Bs →
Ds (→ φπ)Ds (→ πππ).
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Figure D.5: Result of the simultaneous B0 mass �t for the de
ay Bs →
Ds (→ K∗)Ds (→ πππ).
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Figure D.6: Result of the simultaneous B0 mass �t for the de
ay B0 →
Ds (→ πππ)D (→ Kππ).
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tra of the de
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Bs → Ds (→ φπ)Ds (→ φπ) and B0 → Ds (→ φπ)D (→ Kππ).
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4 (b) B0 → Ds (→ K∗K)D (→ Kππ)Figure D.11: Results of the simultaneous �t to the invariant mass spe
tra of all relevant
Bs and B0 de
ay modes. The de
ays Bs → Ds (→ φπ)Ds (→ K∗K) (left )and B0 →
Ds (→ K∗K)D (→ Kππ) (right) are shown.
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4 (b) B0 → Ds (→ πππ) D (→ Kππ)Figure D.12: Results of the simultaneous �t to the invariant mass spe
tra of all relevant
Bs and B0 de
ay modes. The de
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